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Abstract

Python’s gradual typing promises that library-side type annotations
will propagate safety benefits to downstream clients. Despite over
83% of popular libraries now containing annotations, no empirical
evidence exists on whether these efforts actually reduce type errors
in client code. We present the first large-scale empirical study of
this downstream impact, analyzing the interaction between 13,751
actively maintained client repositories and over 4,178 distinct third-
party libraries using the Pyright static type checker. Our results
show that (i) 70% of client repositories contain at least one type er-
ror stemming from third-party API usage, (ii) the error distribution
is heavily skewed, with a small subset of widely used libraries, i.e.,
numpy, django, pandas, and pytorch, accounting for a dispropor-
tionate share of the ecosystem-wide error burden, (iii) measurable
benefits of reduced error risks and propagation can only be seen
with near-complete annotation coverage (> 90%), and (iv) although
60% of library-client pairs are aligned in their typing efforts, only
10% achieve the ideal scenario where highly annotated libraries
meet client-side static type checking. Our findings expose a perva-
sive ecosystem gap: client adoption of static type checking outpaces
library annotation efforts, with 19% of cases representing missed
opportunities where clients use type checkers but their dependen-
cies lack sufficient annotations. These results call for prioritizing
comprehensive annotation of widely used libraries to unlock the
full potential of Python’s gradual typing.
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1 Introduction

Software development heavily relies on third-party libraries, but
correctly using external Application Programming Interfaces (APIs)
remains a persistent challenge [5, 30]. Errors such as passing in-
correct data types are a frequent source of runtime crashes and
bugs [4, 19]. To mitigate these problems, Python introduced optional
static typing [32]. Type annotations serve as machine-readable doc-
umentation that specifies API typing requirements, allowing static
type checkers (such as Mypy [26], Pyright [24], Pyre [15], and
Pytype [17]) to automatically verify client code against these re-
quirements [9]. By leveraging these tools, developers can catch
type mismatches in API calls early in the development lifecycle as
static type errors, rather than discovering them as runtime failures
in production [14, 20, 21, 36]. Beyond early bug detection, annota-
tions also improve developer productivity through enhanced code
readability, program comprehension, and IDE support [18, 35].

Recognizing these benefits, many Python projects have adopted
type annotations over time [14], with even higher adoption within
third-party libraries. A recent study [6] found that 83.39% of 11,021
popular libraries on the Python Package Index (PyPI) contain at
least one annotation. Within these adopting libraries, the median
proportion of annotated functions (a.k.a. annotation coverage) is
19.68%. Their findings demonstrate that library maintainers are
adopting annotations at a higher rate than general applications to
improve code clarity, linting, and static analysis for their users.

Despite this growing adoption of annotations in third-party li-
braries, a critical research gap remains: it is unclear whether the
promised benefits of type annotations actually transfer to the li-
braries’ clients. The ecosystem currently operates on an untested
assumption that library-side type safety seamlessly propagates
downstream. Yet no empirical evidence maps library-side typing
efforts to measurable downstream benefits in client code. For exam-
ple, does depending on a library whose APIs are mostly annotated
actually lead to fewer type errors when using those APIs? Addi-
tionally, how well do library maintainers’ annotation efforts align
with their clients’ adoption of static type checking?

Figure 1 illustrates how a library’s type annotation directly pre-
vents a downstream bug. In this example, the client repository
inadvertently passes an incorrectly typed argument to a third-party
API (humanize) in Figure 1b. Because the library maintainer an-
notated the API’s parameters (Figure 1a), the client’s static type
checker (e.g., Pyright) immediately flags the mismatch before run-
time in Figure 1c. We refer to such an error as a LibClientError. If
the library were unannotated, this mismatch would fail silently
during static analysis and manifest as a runtime crash.

In this work, we present the first large-scale empirical study
investigating the downstream impact of library type annotations
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def naturaldelta(value: dt.timedelta | float,
months: bool = True, minimum_unit: str =

seconds") -> str:

(a) Type annotations on library’s API

import humanize

# Passes a string instead of a timedelta/float
time_str = "today"

result = humanize.time.naturaldelta(time_str)

(b) Client code with a type mismatch.

error: Argument of type "Literal['today']"
cannot be assigned to parameter "value"

of type "timedelta | float" in function
"naturaldelta" (reportArgumentType)

(c) Pyright catching the type error.

Figure 1: Example of a third-party type error (LibClientError)
caught by a client’s static type checker due to library annota-
tions.

in Python by examining whether client repositories that depend on
annotated libraries experience measurable benefits. We analyze the
interaction between 13,751 actively maintained client repositories
and 4,178 unique third-party libraries to understand how type safety
propagates. Specifically, our research questions are:

RQ1 How often do client developers make type errors re-
lated to third-party libraries? We first quantify how often
client repositories contain static type errors involving third-
party APIs (i.e., LibClientErrors).

RQ2 Are certain libraries more prone to type errors? We
identify which libraries frequently result in LibClientErrors.
This allows us to determine which dependencies are most
prone to causing type-related friction for their users and for
the ecosystem.

RQ3 Does annotation coverage of Python libraries affect
the error risk experienced by their clients? We analyze
whether differences in library annotation coverage corre-
spond to differences in client-side type error outcomes.

RQ4 How well aligned are library annotation coverage and
client adoption of static type checking? We investigate
the alignment between library annotation coverage and
client-side adoption of static type checking. This identifies
“missed opportunities” where either libraries lack types or
clients fail to utilize available type information.

Our results reveal that 70% of client repositories contain at least
one LibClientError, with a mean of 84 and a median of 14 errors
per affected repository. By analyzing the propagation and burden
of these errors, we find that a small subset of widely used libraries,
i.e., numpy, pytorch, pandas, and django are particularly problem-
atic. We find that libraries with near-complete annotation coverage
(>290%) exhibit significantly lower downstream issues (e.g., error
propagation and related risks) compared to libraries with lower
annotation coverage, with moderate effect sizes. Interestingly, we
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do not observe this difference at moderate annotation coverage
thresholds (e.g., 50-70%), suggesting that a measurable downstream
benefit of annotation coverage is only realized when a library is
almost fully annotated. Finally, although 60% of library-client pairs
are aligned in their typing efforts, the ideal scenario of high anno-
tation coverage meeting client-side type checking occurs in only
10% of cases, revealing an ecosystem gap where client adoption of
type checking does not match library annotation efforts.
In summary, this paper makes the following contributions:

o Prevalence analysis. The first large-scale empirical study quan-
tifying the prevalence and distribution of static type errors caused
by third-party library APIs (LibClientErrors) across 13,751 Python
repositories and 4,178 unique dependencies.

e Coverage—safety relationship. A systematic analysis of the
relationship between library annotation coverage and client-side
type safety, revealing a threshold effect where comprehensive
annotation (>90% coverage) is necessary to achieve meaningful
downstream error reductions.

o Ecosystem alignment assessment. An evaluation of the align-
ment between library maintainers’ annotation practices and
client developers’ adoption of static type checking, identifying
pervasive missed opportunities within the Python typing ecosys-
tem.

2 Background and Scoping

Type Annotations and Type Checkers in Python. Python supports
optional static typing through type annotations introduced in PEP
484. Type annotations allow developers to specify the expected
types of variables, function parameters, and return values without
affecting runtime semantics. For example:

def add(x: int, y: int) -> int:
return x + vy

Here, x and y are annotated as int, and the function is declared
to return an int. Annotations can also express container and com-
posite types (e.g., list[str], dict[str, int]), union types (e.g.,
int | None), and user-defined classes. These annotations are not
enforced at runtime by the Python interpreter; instead, they are
analyzed by external static type checkers.

Static type checkers such as MyPy [26], Pyright [24], and Pyre
[15] analyze source code without executing it. Given a program
and its annotations, a type checker performs static analysis to infer
types, propagate constraints through assignments and function
calls, and detect inconsistencies between expected and actual types.
For example, passing a str argument to a function parameter anno-
tated as int results in an error. Type checkers typically implement
variations of gradual typing, allowing partially annotated codebases
while inferring types for unannotated components when possible.

A prior large-scale empirical evaluation [21] reports that Pyright
achieves the highest recall (74.55%) and F1 score (57.95%) among
major Python type checkers, including Pyre, Pytype, and MyPy.
Accordingly, we use Pyright in this study. Furthermore, Pyright
provides fine-grained error categories that distinguish different
classes of type inconsistencies (e.g., argument mismatches, assign-
ment incompatibilities, and return-type violations). This granularity
enables us to focus on the errors relevant to our study goals.
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Third-Party Libraries and API Misuse. Third-party libraries offer
APIs intended for downstream client usage. An API misuse is a
violation of an implicit or explicit API usage constraint [5, 30].
Client developers using dynamically typed languages often struggle
with correctly using third-party library APIs due to the dynamic
nature of the language [19]. He et al. found that most of the observed
errors in using Python APIs stem from its dynamic nature [19],
with incorrect assumptions about the type of passed arguments
representing a major burden [19]. Accordingly, when studying
type errors in client projects, we focus on capturing misuses at the
boundary between client code and library APIs. To achieve this,
we use Pyright’s type check reportArgumentType rule. This rule
is triggered when the type of an argument provided to an API call
is incompatible with the corresponding API parameter’s annotated
type (capturing incorrect API inputs). This allows us to analyze
mismatches between the intended and actual usage of library APIs.

Type Annotation Coverage. To allow clients to use static type
checkers to validate correct typing in a library’s API usage, libraries
must add type annotations to their functions, especially public APIs.
Previous work defined annotation coverage [6] as the percentage of
the library’s functions that are fully annotated (i.e., the functions’
return type and all parameters have type annotations). In our work,
we use the same definition of annotation coverage to relate the
library’s typing efforts to downstream API usage in client code.

3 Methods

This section discusses the methods we use for our empirical study.
We start by explaining how we select the target projects for the
study. We then explain how we detect type errors, compute library
annotation coverage, and identify type checker adoption. Figure 2
provides an overview of our research methodology, illustrating the
flow from data collection to metric extraction and evaluation.

3.1 Selecting Target Projects

As subjects for our study, we select a wide range of open-source
Python projects that are actively maintained and rely on third-
party libraries. We gather the initial list of projects via the SEART
GitHub Search Engine [12]. To ensure that we analyze non-trivial,
real-world development efforts, we follow established practices in
mining software repositories studies [13, 22, 25, 37]. Specifically,
we apply the following inclusion criteria during our extraction: (i)
Python as the primary language, (ii) at least one commit within the
last 12 months to confirm active maintenance, (iii) a minimum of
100 commits, (iv) at least 100 stars, (v) a minimum of 3 contributors,
and (vi) exclusion of repository forks. This query yields an initial
set of 17,073 repositories. Thirteen of these repositories fail to clone
because they no longer exist on GitHub. This leaves us with 17,060
repositories.

To further refine our dataset and eliminate noise, we perform an
automated filtering step. We remove archived projects and repos-
itories containing zero lines of Python code (209 repositories in
total). To exclude non-software projects, such as tutorials, books,
and curated lists, we adopt the filtering criteria used in previous
mining studies [10, 11, 29, 34]. Specifically, we search the repository
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Algorithm 1 Extraction of Library Type Errors and Alignment
Metrics

Require: R: Target dataset of filtered client repositories
Ensure: &: Set of LibClientErrors, M: Set of Alignment Metrics
:E—0
2 M0
3: for each repository r € R do

4V, « CreatelsolatedEnv(r)

5. InstallDependencies(r, V)

6 //2-Pass Pyright Execution for Type Errors

7. RunPyright(r,V,) {Pass 1: Detect missing imports}

8:  InstallMissingImports(r, V)

9:  E, < RunPyright(r,V;) {Pass 2: Final analysis}
10:  for each error err € E,.reportArgumentType do
11 f « ExtractFullyQualifiedName(err)

12: ¢ « ExtractTopLevelModule( f)

13: if ¢ € V,..ThirdPartyPackages then

14: E — &U{(r,err.arg, f,t,errloc)}
15: end if

16:  end for
17: // Client Adoption and Alignment
18:  has_tc < CheckTypeCheckerAdoption(r) {mypy, pyright,

etc.}
19:  for each dependency version (#,v) installed in V, do
20: covg, «— ComputeAnnotationCoverage(t,v)
21: is_high_cov « (cov;, > 0.90)
22: alignment <« DetermineAlignment(is_high_cov, has_tc)
23: M — MU {(r,£,0,cov,,, alignment) }
24¢:  end for
25: end for

26: return & M

names, tags, and descriptions for the following keywords: “tuto-
rial”, “demo”, “example”, “book”, “ebook”, and “awesome-list” This
excludes a further 506 repos.

Because our analysis focuses on the interaction between client
code and external libraries, we require the presence of dependency
configuration files to allow us to identify dependencies. Accord-
ingly, we retain only repositories containing at least one of the
common Python dependency files: setup.py, requirements. txt,
or pyproject.toml. This further removes 1,735 repositories. Fi-
nally, since we use Pyright to detect type errors (see section 3.2),
we filter out 859 repositories for which Pyright could not run. This
filtering process leaves us with 13,751 remaining repositories that
we use for our study.

3.2 Detecting Type Errors

As outlined in Algorithm 1, our overall extraction pipeline operates
in several rule-based steps built around Pyright and structured
outputs, enabling a large-scale automated study. For each client
repository, we first create an isolated virtual environment (Line 4)
and install all dependencies listed in the repository’s dependency
files (e.g., requirements. txt) (Line 5). We track the complete set
of installed dependencies and their versions using pip freeze.
We then run Pyright on the client repository to detect type er-
rors. To reduce errors caused by missing dependencies, our Pyright
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Phase 1: Data Collection

Detecting Type Errors
(Isolated Env + Pyright)

Mining Client Repos
(SEART Search Engine)

i |
1 i

! (PropRate, ErrBurden) }
(Ecosyslmpact, Risk) !

i 17,073 repos

Annotation Coverage

(Custom Pyright)

Inclusion Criteria
(Python, >100 commits, etc.)

!

Filtering

(Archived & missing deps)

Type Checker Adoption
i (Config & Cl Scanning)

""" Adoption Status
] (5 Checkers)

Target Dataset
13,751 GitHub Repos
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Phase 3: Evaluation

Phase 2: Extraction & Metrics

RQ1 - Errors
Frequency of
Library Type Errors

LibClientErrors

1
b - =

RQ2 - Sources
Error-prone
Libraries

RQ3 - Relationship
Coverage vs.
Error Metrics

RQ4 - Alignment
Library Coverage vs.
Client Adoption

Figure 2: Overview of the research methodology, illustrating the three main phases: (1) Data Collection to curate the target
repository dataset, (2) Extraction of type errors, annotation coverage, and type checker adoption metrics, and (3) Evaluation
mapping the extracted metrics to the research questions (RQ1-RQ4).

execution is in two passes. First, we run Pyright and then col-
lect all reportMissingImports errors (Line 7). We automatically
parse these missing imports and install the corresponding depen-
dencies into the isolated analysis environment (Line 8). In some
cases, the distribution name differs from the import name (e.g.,
beautifulsoup4 is imported as bs4), which may prevent us from
resolving a Pyright-reported missing import during the re-install.
However, this does not cause us to miss the library entirely unless
it is absent from the dependency files of every repository in our
dataset, which is highly unlikely. For example, beautifulsoup4 is
declared as a dependency by 2,831 client repositories in our dataset.

We then re-execute Pyright to extract actual type errors that
are not related to missing imports (Line 9). Our analysis focuses
on the reportArgumentType rule provided by Pyright, which flags
argument type incompatibilities during the evaluation of call ex-
pressions.

To attribute errors to specific libraries, we modify Pyright to emit
error messages containing the fully qualified name of the target
function rather than only the function name that was shown in Fig-
ure 1c. With this modification, we can simply parse the structured
output of the diagnostic message to extract the fully qualified name
and identify the library (Lines 10 - 16).

For example, consider the following new error message format:

Argument of type "Literal['today']"
cannot be assigned to parameter "

value" of type "datetime.timedelta

| builtins.float" in function

humanize.time.naturaldelta"

We extract the fully qualified function name by matching the
quoted identifier following the substring "in function " (Line
11). In this example, the extracted identifier is
humanize.time.naturaldelta. We then attribute the error to the
corresponding library using the top-level module name (Line 12),

which is the first segment of the dot-separated identifier, i.e.,
humanize in our example.

To distinguish third-party dependencies from project-internal
modules, we compare the extracted top-level module name against
the set of installed packages in the analysis environment (Lines 13-
15). Because each repository is analyzed in an isolated environment
whose installed packages are recorded, we can reliably determine
whether the module belongs to a third-party dependency. We clas-
sify error messages whose top-level module corresponds to an in-
stalled third-party package as Library Client Errors (LibClientError).
LibClientErrors are therefore third-party related argument-type
mismatches under Pyright, not necessarily a crashing runtime bug.
We treat all others as internal errors. Accordingly, we obtain a set
of LibClientError defined as follows.

Definition 3.1 (Library Client Error). A library client error (Lib-
ClientError) is a tuple e = (r, a, f, £, loc), where r is the client repos-
itory in which the error occurs, a is the mismatched argument
provided by the client, f is the target function or method being
invoked, ¢ is the third-party library to which f belongs, and loc is
the code location (file path and line number) of the call expression.

To quantify the frequency and effect of library related type errors,
we define the following metrics. Let clients(f) denote the set of
repositories whose analysis environment contains library ¢, and let
E, denote the set of LibClientErrors observed in repository r.

Definition 3.2 (Affected Clients). The affected clients of library ¢,
denoted AffectedClients(?), is the number of client repositories in
which at least one LibClientError involving ¢ is observed:

AffectedClients(t) = |{r € clients(¢) | e, > 0}

where e, ; € E, denotes the number of LibClientErrors involving ¢
in repository r.
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Definition 3.3 (Propagation Rate). The propagation rate of library
¢, denoted PropRate(¥), is the proportion of its client repositories
that are affected:

|Af fectedClients(¢)|
|clients(¢£)| '
Definition 3.4 (Error Burden). The error burden of library ¢ in

repository r € AffectedClients(¢) is the proportion of LibClientEr-
rors in r that involve ¢:

PropRate(t) =

e
ErrBurden(¢,r) = L[,
E,

Accordingly, the aggregate error burden of a library is the median
of its error burden per affected client repository:

ErrBurden(?) = median, ¢ AfectedClients(¢) ErrBurden(¢,r).

Overall, PropRate(£) captures how frequently a client of £ expe-
riences type errors because of its use (i.e., likelihood of a problem),
while ErrBurden({, r) measures how much of a given repository’s
third-party type errors is attributable to ¢ (i.e., severity of the prob-
lem).

Definition 3.5 (Risk). The risk level of using a library ¢, denoted
Risk(?), is the product of its propagation rate and error burden:

Risk(t) = PropRate(¢) * ErrBurden(¢)

Definition 3.6 (EcosystemImpact). The ecosystem impact of a li-
brary ¢, denoted EcosysImpact(?), is the product of the number of
its affected clients and median error burden across affected clients:

EcosysImpact(f) = Af fectedClients(f) * ErrBurden(£)

In other words, Risk(¢) tells us how risky it is for a client to
use this library, measured through both likelihood of having er-
rors and the severity/burden of these errors. On the other hand,
EcosysImpact(f) estimates the total aggregate error burden con-
tributed by a library across all affected clients across the ecosystem.
We use this estimate as opposed to just total errors across all af-
fected repos to avoid one client having a lot of errors incorrectly
skew the results. Such an estimate allows us to rank libraries by
their overall ecosystem effect.

3.3 Extracting Library Type Annotation
Coverage

To relate errors in client code to the typing efforts of library main-
tainers, we compute the type annotation coverage within the third-
party libraries used by clients in our dataset. We use Asare and
Nadi’s tooling for calculating annotation coverage [6]. They provide
a modified version of Pyright that extracts both public and private
functions and methods in the library’s source code and determines
whether they contain explicit type annotations. Note that we calcu-
late annotation coverage for each library version that appears in the
dependencies of our target projects, given the following definition:

Definition 3.7 (Library Annotation Coverage). Given a version v
of a third-party library ¢, its type annotation coverage is defined as
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the ratio of fully typed functions and methods to the total number
of functions and methods in that version:
_ H{f € & | fis annotated}|

Ovto = Hf € &)l

f is considered annotated if all its arguments and return types
are annotated as in the example described in background [6].

The clients in our dataset could be using different versions of
the same library, with each version having a different annotation
coverage. While we can consider each (¢, v) as a separate data point
in our analysis, differences in the number of times a specific version
appears in the dataset can inflate the data with repeated data points
that look similar, especially since previous work showed that most
libraries have constant coverage [6]. Accordingly, we calculate a
single annotation coverage metric for each library as the median
of annotation coverage of all its versions that appear in the client
repositories.

cov(£) = medianye versions(r) COV(£, 7).

3.4 Identifying Client Type Checker Adoption

To study how clients align with library annotation efforts, we de-
tect the usage of static type checkers within a repository. We con-
sider five widely used Python type checkers: mypy, pyright, pyre,
pytype, and pyrefly [27] and define adoption as follows.

Definition 3.8 (Type Checker Adoption). A client repository r is
considered to have adopted a type checker if it satisfies at least one
of the following conditions:

(1) 3 aconfiguration file ¢ € r specific to the given type checker.
More precisely:
e for mypy: ¢ € {mypy.ini, .mypy.ini},
e for pyright: ¢ = pyrightconfig. json,
e for pyre: c € {.pyre_configuration,

.pyre_configuration.local},

e for pytype: ¢ € {pytype.cfg, pytype.toml},
e for pyrefly: ¢ = pyrefly.toml.

(2) 3 a Github Action CI/CD workflow file w € R containing an
executable run block that invokes the type checker.

(3) 3 atool-specific declaration section s within the
pyproject.toml file of r (e.g., [tool.mypy]).

By systematically scanning the repository structure and con-
figuration manifests for these indicators, we partition the studied
repositories into those that actively enforce static typing and those
that do not. This enables an analysis of how library maintainers’
type-safety efforts align with those of their clients.

3.5 Measuring Alignment Between
Library-Client Pair

We define library—client alignment as the consistency between a
library’s annotation coverage and whether the client repository uses
a static type checker. Alignment captures whether the availability of
type annotations in a library matches the client’s use of static type
checking. Practically, when a library provides extensive annotations,
client repositories can only benefit from these annotations if they
use a type checker. However, a client that uses a type checker but
depends on libraries with limited annotations experiences reduced
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benefits in terms of type checking library interactions. Accordingly,
we consider a library-client pair as aligned in two situations:

o The library has low annotation coverage and the client repos-
itory does not use a static type checker.

e The library has high annotation coverage and the client
repository uses a static type checker.

Conversely, a pair is considered misaligned (a missed opportu-
nity) in two situations:

o Client missed opportunity: the library has high annotation
coverage but the client repository does not use a static type
checker.

o Library missed opportunity: the library has low annotation
coverage while the client repository uses a static type checker.

We experiment with different annotation coverage thresholds
in RQ3 and use the result to define high annotation coverage in
RQ4. Low coverage corresponds to annotation coverage below this
threshold. Finally, for each library-client pair, we determine whether
the client repository r uses a static type checker, as described in
Section 3.4.

3.6 Implementation

We conduct all experiments on a high-performance computing
(HPC) cluster. We develop custom scripts to clone and process
GitHub repositories, automating data collection, type analysis, and
aggregation. We parallelize experiments across compute nodes
using the SLURM job scheduler, with each job utilizing up to 120
CPU cores and 16 GB of RAM. To ensure a consistent execution
environment, we use a Singularity container based on CentOS
Linux 8.2.2004, which includes Git 2.18.4 for cloning. We use Python
versions > 3.9 for most of our automated scripts, and Pyright version
1.1.408, along with all required dependencies. The total cloned
repositories required approximately 1,600 GB of storage.

4 Results

We now present the results of each of the four research questions.

4.1 RQ1: How often do client developers make
type errors related to third-party libraries?

Across the 13,751 repositories in our dataset, we find that 13,608
(99%) repositories contain at least one static type error, regardless of
whether the errors stem from third-party library usage. The number
of statically detected type errors per repository ranges from 0 to
489,577, with a median of 316 errors. This tells us that type errors
are generally prevalent.

When we specifically look at type errors related to third-party
library usage, Figure 3 shows that 9,583 (70%) of the 13,751 repos
have LibClientErrors (i.e., have at least one argument type error
related to the usage of a third-party library). Across these 9,583
repos, the number of LibClientErrors ranges from 1 to 14,067 with a
mean of 84 errors and a median of 14 errors per repo. These results
show that the third-party API boundary is a pervasive source of
type-related friction: the majority of actively maintained Python
repositories contain type mismatches while calling a library that
could be caught by static analysis.
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Figure 3: LibClientErrors across affected repos

RQ1 Summary: 70% of the client repositories in our dataset have
at least one LibClientError with a mean of 84 and median of 14
LibClientErrors per affected repo.

4.2 RQ2: Are certain libraries more prone to
type errors?

Our goal is to understand if some libraries are more problematic
than others when it comes to type errors. There are 28,333 depen-
dencies that appear across our 13,751 analyzed repositories. We
find that, on average, a dependency is used by 35.03 clients (min: 1,
max: 12,072, IQR: 1-4). However, 14,557 (51%) of these dependen-
cies appear in only one repository (i.e., have a single client), while
24,155 (85%) appear in fewer than ten repositories. However, 4,178
(15%) libraries have at least 10 clients. Accordingly, we focus any
dependency level analysis on these 4,178 dependencies, allowing us
to still include dependencies below the average number of clients
while avoiding a long tail of outliers with almost no clients.

We find that the majority (59%) of the 4,178 libraries have no
client-side type errors related to their usage (i.e., have PropRate=0).
Among the remaining 1,720 libraries with non-zero propagation,
the mean PropRate is 12%, with a median of 7% and an interquartile
range of 3%—17%. For these libraries, the mean ErrBurden is 24%,
with a median of 9% and an interquartile range of 3%-38%. This
means that, on average, only 12% of a library’s client base will suffer
from type errors due to its usage. When errors do occur for such
a library, they represent almost a quarter (24%) of the third-party
library type errors a client developer needs to deal with.

Figure 4 shows a scatter plot of PropRate vs. ErrBurden for each
of the 1,720 dependencies, color-coded by the number of affected
clients for each library. We can clearly see that many of the libraries
with high ErrBurden (top half of the graph) are in grey, indicat-
ing that they have only one affected client. Considering libraries
with only one (or even few) affected clients is misleading when
analyzing problematic libraries. Conversely, most of the libraries
with high propagation rates (right side of the graph) have more
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Note: 59% of 4,178 libraries with 0 PropRate are excluded.
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Figure 5: Risk vs. Ecosystem Impact for 647 Libraries with
>=5 affected clients

than 5 affected clients. Accordingly, to achieve a more meaning-
ful analysis of problematic libraries, we turn to the Risk(¢) and
EcosysImpact(¢) metrics that provide a more comprehensive anal-
ysis, analyzing these scores only for the 647 libraries with at least
five affected clients.

Figure 5 shows a scatter plot of EcosysImpact vs. Risk for these
647 libraries. We can see that most libraries lie in the low risk, low
impact bottom left quadrant of the graph. Libraries such as reflex,
pyrogram, cocotb are in the bottom right quadrant where using
them has a high risk of introducing type errors in the client code;
however, they have a low ecosystem impact indicating that these
high number of errors appear in a small number of repos. At the
top half of the graph, we see numpy, pytorch, pandas, and django.
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Table 1: Risk and Impact Summary for Top 10 dependencies
in terms of number of Clients

Library #Clients " Affected gy Ecosystem
Clients Impact
typing_extensions 12,072 38 0.000133 1.604
packaging 11,121 119 0.000124 1.384
pygments 9,905 20 0.000070 0.692
tomli 9,456 5 0.000011 0.102
urllib3 9,185 117 0.000389 3.573
requests 8,795 605 0.004914 43.214
six 8,618 40  0.000225 1.938
python-dateutil 7,543 118  0.000533 4.018
jinja2 7,379 131 0.000934 6.895
numpy 7,186 2694 0.055272 397.188

Numpy, pytorch, and pandas have very high ecosystem impact but
a low risk. This means that while these libraries do not necessarily
result in a high error burden per repository, they do result in errors
in many of their clients, increasing their overall error impact on the
ecosystem. The most notable problematic library is django, which
has both a high ecosystem impact and a high risk, suggesting that it
is both widely used and highly likely to result in many type errors
in its clients.

We also examine the data in terms of libraries with the most
number of clients, however also limiting it to those with at least five
affected clients. Table 1 summarizes the top 10 libraries in our data
set. We find that well-known libraries such as urllib3 and requests
are commonly used without causing type errors (i.e., they have
both a low risk and high ecosystem impact).

RQ2 Summary: The majority of libraries have low risk and low
ecosystem impact in terms of type errors. Four particularly im-
pactful libraries stand out: numpy, pytorch, pandas, and django,
with django having both high risk and high ecosystem impact.

4.3 RQ3: Does annotation coverage of Python
libraries affect the error risk experienced by
their clients?

In RQ3, we investigate whether the extent of a library’s type anno-
tations affects the type errors in its clients. We expect that a library
with a higher proportion of its APIs being annotated (i.e., higher
annotation coverage) would result in less LibClientErrors with its
usage. Hence low propRate, ErrBurden, and Risk levels. To assess
the relationship between coverage and client outcomes, we partition
library versions into low- and high-coverage groups using progres-
sively stricter thresholds. We compare distributions in the low (x)
and high (y) coverage groups using the Mann-Whitney U test and
report rank-biserial correlation (RBC) and common language effect
size (CLES) for effect size interpretations. RBC represents the gap
between how often evidence supports a result versus how often it
contradicts it. It has a value from -1 to 1, where positive values sug-
gest that x>y (i.e., low coverage results in more type error impact)
while a negative value suggests the opposite (i.e., that low coverage
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results in less type error impact). CLES represents the proportion
of pairs where x>y.

To ensure meaningful error comparisons, we restrict our analysis
to the 4,178 libraries with more than 10 clients. However, we could
obtain the annotation coverage data for only 1,640 of these libraries.
The remaining libraries had various data collection failures or in-
consistent metadata, including cases where total_functions was
reported as zero despite evidence that the library defined functions.
Accordingly, we run the analysis for the 1,640. We find that annota-
tion coverage for these libraries ranges from 0%- 100% with Q3 at
71%.

Table 2 shows the relationship between annotation coverage
and the three metrics (ErrBurden, propRate, and Risk) at different
thresholds defining low vs. high coverage, for 1,640 libraries at
least 10 clients. We observe no statistically significant differences
at the baseline threshold (Q3 = 71%), with negligible effect sizes
across all outcomes (RBC = 0.02-0.05, CLES = 0.51-0.53). As the
threshold increases, the differences become statistically significant
and effect sizes increase consistently. At stricter thresholds, lower-
coverage libraries tend to exhibit higher propagation rates, greater
error burden, and increased client risk. This is reflected in positive
RBC values and CLES values exceeding 0.57 across all outcomes,
indicating that lower-coverage libraries are more likely to exhibit
worse client-level effects.

Given that RQ2 showed that many of the libraries are rarely
used, we repeat the analysis on a subset of 519 libraries with at least
100 clients to assess whether removing less widely used libraries
affects the observed relationships. We show the results in Table 3.
Restricting to libraries with at least 100 clients yields a similar
pattern, though with larger effect sizes. Statistically significant
differences emerge at Q3+10% for Risk, and across all three metrics
at Q3+20%. Effect sizes increase monotonically from RBC = 0.12 at
Q3 = 71% to RBC = 0.33 at high annotation coverage (Q3 + 20%),
with CLES increasing from 0.56 to 0.66, larger than those observed
for the broader library set. This suggests that among more widely
used libraries, the association between lower coverage and worse
client-level effects is more pronounced.

RQ3 Summary: Libraries with higher annotation coverage are
more likely to have less client-side type errors, with the strongest
effects observed at high coverage levels (>90%), where library
usage is significantly less likely to result in type errors in a client.

4.4 RQ4: How well aligned are library
annotation coverage and client adoption of
static type checking?

In RQ4, we investigate the alignment between library annotation
coverage and client-side adoption of static type checking. Specifi-
cally, we examine whether highly annotated libraries are used by
clients that employ type checkers, and conversely, whether clients
using type checkers depend on well-annotated libraries. We identify
“missed opportunities”, where libraries used in type-checking clients
lack sufficient type annotations or clients fail to utilize available
type information by not employing type checkers.

To analyze this relationship, we consider the 1,640 libraries with
annotation data and all of their 13,426 corresponding clients. Since
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Figure 6: Alignment between a library’s annotation coverage
and type checker usage in its clients. Each observation rep-
resents one of 566,877 library-client pairs. The darker the
shade of blue, the higher the number of observations.

a repository may use multiple libraries, our data has 566,877 library-
repository pairs. We assign each library-repository pair to one of
four alignment categories based on the library’s median annotation
coverage and the client’s type-checking usage. We use a threshold
of 90% annotation coverage to distinguish between low and high
coverage libraries, motivated by the findings of RQ3.

Figure 6 shows these four categories as a 2 X 2 alignment matrix
with a heat map. We find that 60% of observations are aligned,
while 40% correspond to misaligned cases. The largest share of
observations (50%) lies in the aligned low-coverage/no-checker
quadrant, where libraries have low annotation coverage and client
repositories do not use static type checking, indicating lack of
interest/effort in type checking from both library and client sides.
In contrast, only 10% of observations fall into the ideal aligned
high-coverage/has-checker quadrant, where libraries have high
annotation coverage and client repositories use static type checking.

Misalignment arises in two forms. In 21% of observations, li-
braries provide high annotation coverage but client repositories
do not use static type checking (client-side missed opportunities).
Conversely, in 19% of cases, repositories use static type checking
while depending on a library that has low annotation coverage
(library-side missed opportunities).

To further interpret these results, we repeat a similar analysis on
the library level. Out of the 1,640 libraries considered, 228 (14%) of
these have high coverage. Out of these 228 high-coverage libraries,
a median of 70% of their respective clients do not use type checkers.
This further highlights client missed opportunities.

On the other hand, if we focus only on the client level, we find
that 3,628 (27%) of the considered clients use type checkers. For
these 3,628 repos, 100% depend on at least one library with low
annotation. Worse, on average, 59% of each of these repos’ depen-
dencies have low annotation (i.e., only an average of 41% of its
dependencies have high coverage it can benefit from).
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Table 2: Mann-Whitney U results comparing client-level effects between a total of 1,640 low- and high-coverage libraries with
>= 10 clients across annotation coverage thresholds. Holm correction is applied; statistically significant results shown in bold.
RBC is Rank-Biserial Correlation and CLES is Common Language Effect Size.

ErrBurden

Threshold p-value RBC CLES

p-value RBC CLES

PropRate Risk
p-value RBC CLES

Q3: < 71% vs 2 71% 5.83%x 1071 0.02 0.51
Q3+10%: < 81% vs > 81% 1.65x 107!  0.07 0.54
Q3+20%: < 91% vs > 91% 1.14 X 1073 0.16 0.58

3.01x 1071 0.05  0.53
1.11x107% 011  0.56
8.68x107° 021 0.60

411x107'  0.04 052
139%x1072 011 055
1.14x107° 020 0.60

Table 3: Mann-Whitney U results comparing client-level effects between a total of 1,640 low- and high-coverage libraries with
>= 100 clients across annotation coverage thresholds. Holm correction applied; statistically significant results shown in bold.
RBC is Rank-Biserial Correlation and CLES is Common Language Effect Size.

ErrBurden

Threshold p-value RBC CLES

p-value RBC CLES

PropRate Risk
p-value RBC CLES

Q3: < 71% vs 2 71% 745X 1072 0.12 0.56
Q3+10%: < 81% vs > 81% 7.45x 1072  0.14 0.57
Q3+20%: < 91% vs > 91% 3.66 x 10™%  0.27 0.63

8.05x 1072 0.09  0.55
7.45x 1072 0.14 057
711x107° 029  0.65

7.45%x 1072 0.13  0.56
138x107%2  0.17  0.59
5.02x107% 033 066

RQ4 Summary: While the typing efforts of 60% of library-client
pairs are aligned, only 10% correspond to the ideal scenario
where highly annotated libraries are used by type-checked client
repositories. The 40% misaligned cases are split almost evenly
between client missed opportunities (21%) and library missed op-
portunities (19%). On average, a repository using a type checker
has 41% of its dependencies with high coverage while a library
with high coverage has, on average, 30% of its clients use type
checkers.

5 Discussion

Our findings show a complex ecosystem where the adoption of
static typing is highly asymmetric, creating friction points that
manifest as third-party argument type errors. We discuss the impli-
cations of these results for library maintainers, client developers,
and researchers.

5.1 The Ecosystem Typing Gap

RQ1 establishes that argument type errors involving third-party
libraries are pervasive: 70% of repositories contain at least one Lib-
ClientError; these are preventable errors that persist in actively
maintained codebases. RQ2 reveals that this distribution is heav-
ily skewed: a small number of widely used libraries such as numpy,
django, and pandas contribute a significant share of the ecosystem-
wide error burden. This concentration suggests that targeted anno-
tation improvements in a small set of high-impact libraries could
yield substantial ecosystem-wide benefits.

Recent industry efforts support this view: organizations such as
Meta and Quansight have invested in improving type annotations
across widely used Python libraries, including the scientific Python
stack (e.g., pandas) [23].

RQ3 shows that at moderate coverage thresholds, the relation-
ship between annotation coverage and reduced error propagation

is weak. However, beyond 90% coverage, the effect becomes both
statistically significant and practically meaningful (CLES up to 0.65
among widely used libraries).

Relating the findings of RQ2 and RQ3 reveals an important
ecosystem pattern. The libraries that contribute disproportionately
to client-side type errors, including numpy, pytorch, pandas, and
django, also have relatively low median annotation coverage of
17.2%, 26.4%, 14.2%, and 3.5%, respectively. None of these libraries
approach the high annotation coverage levels (>90%) that RQ3 as-
sociates with significantly lower client-side type error risk. This
threshold effect challenges the assumption that any typing effort
is beneficial and instead suggests that library maintainers should
aim for comprehensive coverage to realize meaningful downstream
returns.

The alignment analysis in RQ4 contextualizes why this thresh-
old effect matters in practice. The largest share of library-client
observations (50%) falls into a “mutually untyped” state where the
potential benefits of gradual typing are unrealized on both sides.
More critically, 19% of observations represent library missed oppor-
tunities, where clients actively use static type checking but depend
on libraries with low annotation coverage. On average, a repository
that uses a type checker has only 41% of its dependencies with
high coverage. These clients are investing in type safety but cannot
fully realize its benefits due to upstream annotation gaps. Worse,
a library that invested in high coverage has, on average, only 30%
of its clients benefit from this effort while the remainder do not
employ type checkers.

5.2 Implications for Practitioners

For Library Maintainers: Our results suggest that partial type
annotations offer limited downstream value. Because significant re-
ductions in error propagation only emerge at high coverage thresh-
olds (=90%), maintainers of widely used libraries should prioritize
comprehensive typing of their API surfaces. This is particularly
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relevant for libraries like django, which exhibits both high risk and
high ecosystem impact. Django’s dynamic nature makes straight-
forward type annotations insufficient for many core components
such as models, querysets, and forms, as reflected in a long-running
pull request debating type adoption within the project [3]. The
community’s reliance on a third-party stubs package [1] further
illustrates the challenge, as annotation effort has been displaced out-
side the core project rather than integrated directly. Since manually
adding type annotations can be time-consuming, library maintain-
ers can instead generate them using type recommendation tools
such as Stray [31] or PyAnnGen [18], which improves upon existing
approaches.

For Client Developers: Developers adopting static type check-
ing cannot assume their tools will catch third-party mismatches out
of the box due to the prevalent alignment gap. When depending on
an unannotated or partially annotated library, practitioners should
turn to available stub files such as those provided by Typeshed [2]
or community-maintained packages like django-stubs [1], which
provide type information without requiring changes to the up-
stream library. Until widely used libraries achieve high annotation
coverage, such stubs represent the most practical path to meaning-
ful static analysis at dependency boundaries.

5.3 Implications for Researchers

Targeted Automated Repair and Inference: The 19% library-
missed opportunities highlight a gap where client repositories adopt
type checking, but the libraries they depend on lack sufficient anno-
tations. This suggests an opportunity for automated type inference
and stub generation techniques to provide type information without
requiring intervention from library maintainers. Overall, the mis-
alignment identified in RQ4 reflects a structural imbalance: client
adoption of type checking is progressing faster than the availabil-
ity of well-annotated libraries, motivating research into scalable
approaches for automatically generating and maintaining type in-
formation for third-party libraries.

6 Threats to Validity

Construct Validity. We identify client libraries via pip freeze,
which may include installed but unused packages, providing a con-
servative (lower-bound) estimate of propagation rates. Our analysis
focuses on a single Pyright rule (reportArgumentType), one of
the most directly relevant for library API misuse [19]. We do not
capture other error categories (e.g., assignment incompatibilities),
making our results represent a lower bound of the number of po-
tential type errors. Some developers may locally use static type
checkers in their IDEs or on the command line; we cannot capture
such usage. Instead, we focus on repo-level enforced checker usage
where we consider both build and CI configurations. The presence
of a configuration file or tool declaration does not necessarily imply
that the type checker is executed regularly in practice, but it does
provide evidence of intended or declared adoption for measurement
purposes.

Internal Validity. We used Pyright given its highest recall and
F1 score among major Python type checkers [21]. Other tools (e.g.,
mypy) might yield different distributions, though we expect overall
trends to hold as argument type checking is fundamental to all
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checkers. We mitigate confounding factors in RQ3 by analyzing at
multiple thresholds and filtering by popularity, observing consistent
trends.

External Validity. Our study focuses on open-source Python
GitHub projects. The observed dynamics may not generalize to
strictly typed ecosystems or closed-source codebases. However, our
findings are relevant to the growing number of gradually typed
languages (e.g., TypeScript, Ruby with Sorbet) that face similar
library-client typing challenges. Our client selection criteria focus
on actively maintained projects, which we consider a strength: our
results characterize the most actively developed segment of the
Python ecosystem.

7 Related Work

The evolution and adoption of type annotations in Python. The
integration of type hints in Python has evolved from a theoreti-
cal addition to a widespread practice. Earlier studies in 2019 [28]
reported low annotation adoption rates where only 3.78% of the
studied repositories contained partial annotations. Later studies
in 2021 showed that adoption rose to 7% [14] but with less than
10% annotation coverage. Most recently, Asare and Nadi focused
specifically on third-party libraries (as opposed to any Python repos-
itory) and found that 83% of 11,021 actively used packages on the
Python Package Index have adopted at least one type annotation
[6], with a median coverage of 20%. Their longitudinal analysis
identified stable or increasing annotation coverage over time with
minimal abandonment. In contrast to these studies focusing on
annotation adoption, our work empirically examines client-side
type mismatches across different levels of annotation coverage in
third-party libraries.

The prevalence of type-related defects within projects. Empirical
studies consistently highlight argument type errors as a significant
category of software failures. Khan et al. demonstrated that approxi-
mately 15% of all type-related defects in Python could be completely
avoided by integrating modern static type checkers [20]. Further-
more, their analysis revealed that both junior and senior developers
introduce a statistically similar volume of type errors, underscoring
that automated static analysis is a mandatory safeguard against
increasingly complex application states. Chen et al. [8] show that
bad typing practices significantly correlate with bugs. Unlike these
studies that examine the general prevalence of type-related de-
fects within projects, no prior work has empirically examined how
upstream library annotations reduce these mismatches in client
code.

The effectiveness of static type checkers. The tooling landscape for
Python type checking has rapidly evolved to support massive enter-
prise codebases. Xu et al. [36] showed that adding type annotations
significantly improved bug detection. Chow et al. [9] introduced
PyTy, an automated program repair approach specifically targeted
at statically detectable type errors in Python. Their model, trained
via cross-lingual transfer learning, successfully addresses real-world
errors using type-checker for the error localization and for validat-
ing the fix suggested by the model. While prior work highlights
the effectiveness of static type checkers, our work bridges a gap
by investigating their role in enforcing type constraints in client
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repositories and examining how this role aligns with typing efforts
on the library side.

Third party libraries and APIs. The boundary between client
code and third-party libraries is particularly susceptible to inte-
gration failures, commonly referred to as API misuse [30]. Wei
et al [33] studied API misuse of Python deep learning libraries,
finding that 51% of the deep learning misuses are related to API
methods while 35% involved API parameters. Galappaththi et al.
[16] studied a broader set of data centric Python libraries and found
that 43% of the misuses involved API methods, and 51% involved
API parameters. More broadly, He et al [19] studied real-world
API misuses in Python programs and found that the dynamic na-
ture of Python accounts for 25% of API misuses related to passed
arguments in Python programs. By focusing on the call site via
reportArgumentType, we target the interface where external li-
brary dependencies most frequently collide with client implementa-
tions. While prior work studies a range of API misuses, both related
and unrelated to typing, our work focuses specifically on typing-
related API usage issues. In particular, we examine the downstream
ecosystem impact of third-party libraries and how their typing
practices align with client-side type errors.

8 Conclusion

This paper presented the first large-scale empirical study on the
downstream impact of library type annotations in the Python
ecosystem. Analyzing 13,751 client repositories and 4,178 third-
party libraries, we find that 70% of repositories contain type errors
from third-party API usage. Our analysis reveals a threshold effect:
partial annotations provide limited downstream benefits, but almost
comprehensive coverage (>90%) is associated with significantly re-
duced error propagation. Our ecosystem alignment analysis further
exposes a pervasive gap: only 10% of library-client pairs achieve
the ideal scenario of high annotation coverage meeting client-side
type checking, while 19% represent actionable missed opportunities
where clients use type checkers but their dependencies lack suffi-
cient annotations. These results carry a clear message: to unlock
the full potential of gradual typing, the community must prioritize
comprehensive API annotation in widely used libraries. Automated
type inference approaches, guided by ecosystem-level impact met-
rics such as those proposed in this work, can help bridge the current
gap and build a more type-safe software supply chain.
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