
AI-Generated Code Is Not Reproducible (Yet): An Empirical Study of
Dependency Gaps in LLM-Based Coding Agents

Bhanu Prakash Vangala1,*, Ali Adibifar1, Ashish Gehani2, Tanu Malik1.
1Department of Electrical Engineering and Computer Science, University of Missouri, Columbia, MO 65211, USA

2SRI International, 333 Ravenswood Avenue, Room EK343, Menlo Park, CA 94025, USA
{bv3hz, a.adibifar, tanu}@missouri.edu, ashish.gehani@sri.com

Abstract

The rise of Large Language Models (LLMs) as coding agents
promises to accelerate software development, but their im-
pact on generated code reproducibility remains largely un-
explored. This paper presents an empirical study investigat-
ing whether LLM-generated code can be executed success-
fully in a clean environment with only OS packages and using
only the dependencies that the model specifies. We evaluate
three state-of-the-art LLM coding agents (Claude Code, Ope-
nAI Codex, and Gemini) across 300 projects generated from
100 standardized prompts in Python, JavaScript, and Java. We
introduce a three-layer dependency framework (distinguish-
ing between claimed, working, and runtime dependencies)
to quantify execution reproducibility. Our results show that
only 68.3% of projects execute out-of-the-box, with substan-
tial variation across languages (Python 89.2%, Java 44.0%).
We also find a 13.5× average expansion from declared to ac-
tual runtime dependencies, revealing significant hidden de-
pendencies.

Introduction
Reproducibility forms the cornerstone of computational sci-
ence. When researchers share code, others must be able to
execute it, verify results, and build upon the work (Gunder-
sen, Gil, and Aha 2018). This fundamental principle enables
scientific progress, validates discoveries, and ensures relia-
bility in production systems. Yet as we increasingly rely on
Large Language Models (LLMs) to generate code, a trou-
bling question emerges: is AI-generated code reproducible?

The computational research community already faces a
reproducibility crisis. Studies show that a significant por-
tion of published AI/ML research cannot be reproduced
due to missing dependencies, incomplete environment spec-
ifications, and undocumented requirements (Pineau et al.
2021; Raff 2019; Hutson 2018; Haibe-Kains et al. 2020).
Now, tools like Claude Code, OpenAI Codex, and Gemini
Code Assist promise to accelerate development by generat-
ing complete projects, entire applications with multiple files,
configurations, and dependency specifications. But if these
AI systems inherit or amplify reproducibility problems, we
risk compounding the crisis rather than solving it.
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Consider what reproducibility means for AI-generated
code. A developer asks an LLM to create a complete senti-
ment analysis web application. The AI generates an impres-
sive project: backend API files, frontend code, and a require-
ments.txt listing dependencies. For this code to be repro-
ducible, another developer should be able to take these files
and specifications, set up a clean environment, install the
listed dependencies, and run the application. But in practice,
execution fails in 31.7% of cases. While missing dependen-
cies like ImportError: No module named nltk
contribute to some failures (10.5%), the majority stem from
fundamental code generation errors: malformed syntax, in-
correct file paths, uninitialized variables, and structural is-
sues. After manually debugging, a process that we found
takes 15 minutes on average, some projects eventually run.
However, even successful projects hide complexity - requir-
ing an average of 37 packages at runtime instead of the 3
typically declared. The code is not reproducible as gener-
ated.

This reproducibility failure represents a fundamental gap
in how we evaluate AI coding agents. Current benchmarks
like HumanEval (Chen et al. 2021) and MBPP (Austin et al.
2021) test functional correctness but assume reproducible
environments already exist, a recognized bottleneck that ob-
scures key failure modes related to environment configura-
tion (Yang et al. 2024; Jimenez et al. 2024). They ask, does
this sorting algorithm work correctly? without first asking,
can anyone actually run this code? This misses a critical in-
sight: code cannot be correct if it cannot be reproduced. Re-
producibility is not a secondary concern; it is a prerequisite
for verification, collaboration, and deployment.

To measure reproducibility in AI-generated code, we in-
troduce Executable Reliability: the likelihood that a project
executes successfully in a clean environment using only the
dependencies and instructions the AI provides. This met-
ric directly captures reproducibility; can others reproduce
the execution without additional knowledge or debugging?
We develop a three-layer framework to understand repro-
ducibility failures: claimed dependencies (what the AI spec-
ifies), working dependencies (what’s actually needed for re-
production including transitive), and runtime dependencies
after executing (the complete transitive closure). The gaps
between these layers reveal where reproducibility breaks
down.



We conducted a systematic reproducibility study of 300
complete projects generated by three leading state of the art
LLM agents (Anthropic 2025; OpenAI 2025; Google Deep-
Mind 2025). Each AI received identical prompts explic-
itly requesting reproducible code with complete dependency
specifications. We attempted to reproduce each project in
clean environments with only OS packages installed and
none other than them, documenting every failure and miss-
ing requirement. This mimics the exact challenge faced by
researchers trying to reproduce published code or developers
attempting to use AI-generated projects. Our methodology
treats reproducibility as the primary concern: can the gen-
erated code be executed by others using only what the AI
provides?

Our findings reveal that AI-generated code faces a se-
vere reproducibility crisis. Only 68.3% of projects are re-
producible without manual intervention nearly one-third fail
to execute as specified. The reproducibility rates vary dra-
matically by language: Python achieves 89.2% reproducibil-
ity, JavaScript 61.9%, and Java just 44.0%. This variation
reflects how different ecosystems handle dependency spec-
ifications (Decan, Mens, and Grosjean 2019; Kikas et al.
2017) and transitive requirements. Most striking is the run-
time dependency explosion: projects claiming 3 dependen-
cies actually require an average of 37 packages, and 13.5×
gap between specified and actual requirements. This hidden
complexity makes reproduction nearly impossible without
extensive debugging.

These results demonstrate that current LLMs generate
code that appears complete but lacks the specifications nec-
essary for reproducibility. The implications extend beyond
convenience. For scientific computing, non-reproducible
code undermines research validity. For software develop-
ment, it creates hidden technical debt (Sculley et al. 2015).
For education, it teaches poor practices. By quantifying
these reproducibility failures and identifying their patterns,
we provide both a diagnosis of the current crisis and a
roadmap for creating AI systems that generate truly repro-
ducible code. The challenge is not just to generate code
that works on the developer’s machine, but code that others
can reliably execute, the foundation of computational repro-
ducibility.

Background and Related Work

Reproducibility Crisis in AI-Generated Code

The reproducibility crisis in AI research (Gundersen, Gil,
and Aha 2018) now extends to the tools meant to address
it. While computational research should enable perfect re-
producibility (Peng 2011), LLM-generated code introduces
new failure modes. Studies show LLMs produce inconsis-
tent outputs (Wang and Wang 2025) and unreliable automa-
tion (Staudinger et al. 2024). Our work reveals a more funda-
mental issue: even when LLMs generate complete projects
with multiple files and configurations, they fail to specify
dependencies needed for reproducible execution.

Benchmarks Missing Reproducibility
Current benchmarks like HumanEval and MBPP (Chen
et al. 2021) evaluate functional correctness assuming repro-
ducible environments exist. LiveCodeBench prevents mem-
orization but still provides complete environments (Jain
et al. 2024). These benchmarks test whether code is correct,
not whether it’s reproducible. Our work evaluates complete
projects not snippets asking whether they can execute at all
using only what LLMs provide, making reproducibility the
primary metric.

Dependency Complexity and Reproducibility
Software reproducibility requires complete dependency
specification. JavaScript packages average 79 transitive de-
pendencies (Decan, Mens, and Grosjean 2019). While tools
like ReproZip (Chirigati, Rampin et al. 2024) and SciUnit
(Ton That et al. 2017) capture execution environments for
reproducibility, LLMs lack this awareness. They generate
syntactically correct code but fail to specify the dependency
closure required for reproduction.

Gap in Reproducibility Evaluation
To our knowledge, no prior work systematically evaluates
whether LLM-generated projects are reproducible. Existing
research focuses on code correctness or captures environ-
ments post-hoc. We introduce executable reliability to mea-
sure reproducibility directly can generated projects execute
in clean environments using only the provided specifica-
tions? This shifts focus from does it work? to can others
reproduce it? fundamental for both scientific integrity and
practical deployment.

Methodology
Problem Formulation
To understand whether AI-generated code can actu-
ally run in practice, we needed to formalize what
reproducibility means in this context. We evaluated
three leading LLM-based coding agents: Claude Code
Agent(Opus.4.1) (Anthropic 2025), OpenAI Codex
Agent(0.52.0) (OpenAI 2025), and Gemini Code
Agent(2.5.Pro) (Google DeepMind 2025). We denote
this set as L = {LClaude, LGemini, LCodex}. Each agent
was given the same 100 prompts, creating our standardized
prompt collection P = {p1, p2, ..., p100}.

When an LLM generates code for a given prompt, it pro-
duces three key components, which we formalize in Equa-
tion 1:

G(Lj , pi) = ⟨Cj
i , D

j
i , I

j
i ⟩ (1)

Here, Cj
i is the actual source code the LLM generates, Dj

i
represents the dependency specification file (like require-
ments.txt for Python projects), and Iji captures any usage
instructions the LLM provides. This triple represents every-
thing a developer would receive when asking an LLM to
generate code for a project.

The central question our research addresses is simple but
critical: can another developer take these three components



and successfully run the code in a clean environment? We
measure this through what we call executable reliability, de-
fined in Equation 2:

E(Lj) =
|{i : exec(Cj

i , D
j
i ) = success}|
|P|

(2)

This metric represents the fraction of prompts for which
agent Lj generates code that executes without any manual
intervention. The exec function returns success only when
code C runs successfully using exclusively the dependen-
cies D specified by the LLM, in a standardized clean envi-
ronment containing only default operating system packages.
Projects requiring any debugging or dependency additions
are counted as failures.

Three-Layer Dependency Analysis Framework
One of our key innovations is recognizing that dependencies
exist at three distinct layers, each revealing different aspects
of the reproducibility problem. Think of this as peeling back
layers of an onion to understand the full complexity of what
makes code run.

The first layer consists of Claimed Dependencies (Dc),
which the LLM explicitly tells us we need. These are the
packages listed in the configuration files, formally captured
in Equation 3:

Dc = {d : d ∈ parse(Dj
i )} (3)

For example, an LLM might claim you only need flask
and requests for a web scraping project.

The second layer reveals Working Dependencies (Dw) -
what you actually need after debugging. As shown in Equa-
tion 4, this includes both the claimed dependencies and any
missing ones discovered through trial and error:

Dw = Dc ∪Dm (4)

Here, Dm represents those missing dependencies that
cause ImportErrors when you first try to run the code. In our
web scraping example, you might discover you also need
beautifulsoup4 even though the LLM didn’t mention it.

The third and deepest layer exposes Runtime Dependen-
cies (Dr) - everything that actually gets loaded when the
code runs, including all transitive dependencies. Equation 5
captures this full dependency tree:

Dr =
⋃

d∈Dw

{d} ∪ transitive(d) (5)

This is where the true complexity emerges. Installing flask
might pull in 20 other packages like werkzeug, jinja2, click,
and so on.

These three layers allow us to measure two critical gaps
in LLM-generated code. The completeness gap (Equation 6)
tells us how many dependencies the LLM forgot to mention:

∆completeness = |Dw| − |Dc| (6)

A completeness gap of 2 means the developer needs to
manually identify and install 2 missing packages before the
code will run.

PROMPT TO LLM Agents:

[Task Description]

IMPORTANT: Provide EVERYTHING needed for
reproduction in [Environment]:

1. Complete working [Language] code
2. Complete requirements.txt/package.json
/pom.xml
with ALL dependencies and versions
3. Brief usage instructions

Make it 100% reproducible in a clean
[environment].

Figure 1: Example prompt template used for all 300 code
generation requests. The template explicitly emphasizes re-
producibility and completeness of dependencies.

Even more dramatically, the runtime multiplier (Equation
7) reveals the hidden complexity beneath the surface:

ρruntime =
|Dr|
|Dc|

(7)

A runtime multiplier of 10 means that for every package
the LLM claims you need, ten or more packages actually get
installed in your environment.

Dataset Construction
To ensure a fair comparison across SOTA agents, we cre-
ated a dataset of 300 projects by having each of three LLM
agents to generate code for the same 100 prompts. As shown
in Equation 8, we distributed these prompts across program-
ming languages based on their typical real-world usage:

P = PPython ∪ PJavaScript ∪ PJava (8)

We allocated 40 prompts to Python (reflecting its domi-
nance in data science and scripting), 35 to JavaScript (com-
mon for web development), and 25 to Java (enterprise appli-
cations). This distribution is informed by the high prevalence
of these languages in professional software development, as
reported in recent industry surveys (Stack Overflow 2025;
JetBrains 2024).

Each prompt explicitly asked for reproducible code using
a carefully designed template shown in Figure 1. Notice how
we emphasized reproducibility multiple times - we wanted
to give the LLMs every opportunity to succeed by making
our requirements crystal clear.

The task descriptions covered the full spectrum of real
development work: web scraping projects that need parsing
libraries, data analysis scripts requiring scientific comput-
ing packages, machine learning pipelines with complex de-
pendencies, API servers needing web frameworks, real-time
communication systems using WebSocket libraries, and en-
terprise applications with database connectors. This diver-
sity was crucial to avoid biasing our results toward any par-
ticular type of programming task.



Experimental Infrastructure
Environment Standardization To ensure fair compari-
son, we needed a pristine testing environment for each
project. We deployed AWS EC2 instances (t2.large with 4
vCPUs and 16GB RAM running Ubuntu 22.04 LTS) that
we carefully reset between each project test. As formalized
in Equations 9 and 10, our baseline environment contained
exactly 91 packages:

Packagesbaseline = Packagessystem ∪ Packagesuser
(9)

This included 71 system packages that come with
Ubuntu by default, plus 20 user packages including SciU-
nit v0.4.post135, our key tool for capturing run-time depen-
dency information. After testing each project, we verified
that the environment returned to this exact state:

|Packagescurrent| = |Packagesbaseline| = 91 (10)

This rigorous reset process ensured that no residual de-
pendencies from one project could help another project suc-
ceed each code sample had to stand entirely on its own.

Dependency Capture Tools To understand what depen-
dencies were actually being used at runtime, we em-
ployed specialized tools for each programming language.
For Python, we used SciUnit, which hooks into Python’s im-
port system to capture every package that gets loaded (Equa-
tion 11):

DPython
r = SciUnit.capture(exec(C)) (11)

For JavaScript, we parsed npm’s dependency tree to un-
derstand the full cascade of package requirements (Equation
12):

DJavaScript
r = parse(npm list −−all) (12)

And for Java, we extracted Maven’s dependency tree to
see how one library pulls in dozens of others (Equation 13):

DJava
r = parse(mvn dependency : tree) (13)

These tools revealed the dramatic difference between
what LLMs claim you need and what actually gets installed
in your environment.

Iterative Resolution Protocol
Our evaluation process mimicked exactly what a real devel-
oper would do when trying to run LLM-generated code. We
first attempt execution with only the LLM-specified depen-
dencies, if this succeeds (68.3% of cases), we mark it as re-
producible. For the 31.7% that fail, we then apply Algorithm
1 to understand what would be needed for success. Algo-
rithm 1 shows this iterative debugging process in detail. We
start by installing only the dependencies the LLM claimed
were needed, then try to run the code. When it fails (as it
often does), we look at the error message. If it’s a missing
import, we install that package and try again. If it’s a code

Algorithm 1: Iterative Dependency Resolution
Input: Code C, Claimed dependencies Dc

Output: Working dependencies Dw, Execution status
S

1: Dcurrent ← Dc

2: Install(Dcurrent)
3: attempts← 0
4: while attempts < MAX ITERATIONS do
5: result← Execute(C)
6: if result = success then
7: S ← ”Success”
8: break
9: else if result.error = ImportError then

10: dmissing ← ExtractPackage(result.message)
11: Dcurrent ← Dcurrent ∪ {dmissing}
12: Install(dmissing)
13: else if result.error ∈

{SyntaxError, LogicError} then
14: ApplyMinimalFix(C)
15: Record(”CodeBug-Fixed”)
16: else
17: S ← ”Unfixable”
18: break
19: end if
20: attempts← attempts+ 1
21: end while
22: Dw ← Dcurrent

23: return Dw, S

bug, we apply the minimal fix needed. If it’s something un-
fixable like conflicting version requirements, we mark it as
failed.

Algorithm 1 is used only for post-failure analysis to cate-
gorize why projects failed and what would have been needed
for success. The success rates reported throughout this pa-
per (including the 68.3% overall rate) strictly count only
projects that execute successfully out-of-the-box without any
application of this algorithm - using exclusively the depen-
dencies originally specified by the LLM with zero manual
intervention. Projects requiring any debugging, dependency
additions, or code fixes are counted as failures, regardless of
whether Algorithm 1 could eventually make them work.

This process typically takes 2-3 iterations for missing de-
pendencies, closely matching the real-world developer ex-
perience. Each iteration represents a moment of frustration
for a developer who expected the code to just work based
on the LLM’s claims which is crucial for reproducing the
experiment since the iterative debugging process won’t get
captured for reproducing the project again.

Experimental Results
Overall Reproducibility Analysis
Across 300 evaluated projects, we find that only 205 (68.3%)
execute successfully out-of-the-box without ANY manual
intervention; no added dependencies, no code fixes, using
exclusively what the LLMs provided. The remaining 95



Agent Total Success Partial Failed Rate
Claude 100 73 5 22 73.0%
Gemini 100 72 4 24 72.0%
Codex 100 60 5 35 60.0%
Overall 300 205 14 81 68.3%

Table 1: Reproducibility outcomes across three LLM coding
agents. Partial indicates projects that execute but require ex-
ternal services (databases, APIs) to be fully functional.

Language Total Success Failed Success Rate
Python 120 107 13 89.2%
JavaScript 105 65 40 61.9%
Java 75 33 42 44.0%

Table 2: Language-specific reproducibility rates reveal
ecosystem complexity impacts

projects (31.7%) failed immediately and were analyzed us-
ing Algorithm 1 to understand failure causes, but were NOT
counted as successes regardless of fixability.

The 31.7% failure rate represents significant hidden de-
bugging costs in AI-assisted development. Each failed
project required an average of 15 minutes of manual de-
bugging, suggesting substantial aggregate time costs when
scaled across development teams.

Language-Specific Performance
Programming language dramatically impacts reproducibility
success rates:

E(Python) = 0.892
E(JavaScript) = 0.619
E(Java) = 0.440

(14)

This hierarchy (Table 2, Figure 2) reflects fundamental
differences in dependency management complexity across
ecosystems:

Python’s success stems from its simple flat dependency
structure in requirements.txt, mature pip resolver with clear
error messages, and culture of minimal dependencies in
packages. JavaScript occupies middle ground with npm’s
automatic dependency resolution helping but nested depen-
dencies creating complexity. Java’s challenges arise from
complex XML configuration in pom.xml, deep transitive
dependency graphs, multiple dependency scopes (compile,
runtime, test, provided), and version conflict resolution com-
plexity.

Agent-Language Specialization Matrix
One of our most surprising findings is that each agent has
distinct strengths and weaknesses across languages. The
success rate matrix shown in Equation 15 reveals these un-
expected specializations:

S =

[
0.800 0.600 0.800
1.000 0.714 0.280
0.875 0.543 0.240

]
(15)
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Figure 2: Language-specific success rates reveal ecosystem
complexity impacts.

Agent Language Total Success Failed Rate
Claude Python 40 32 8 80.0%
Claude JavaScript 35 21 14 60.0%
Claude Java 25 20 5 80.0%
Gemini Python 40 40 0 100.0%
Gemini JavaScript 35 25 10 71.4%
Gemini Java 25 7 18 28.0%
Codex Python 40 35 5 87.5%
Codex JavaScript 35 19 16 54.3%
Codex Java 25 6 19 24.0%

Table 3: Detailed execution success rates by agent and lan-
guage combination

where rows represent agents (Claude, Gemini, Codex)
and columns represent languages (Python, JavaScript, Java).

What makes this matrix remarkable are the striking pat-
terns it reveals (detailed in Table 3).. The first column shows
that all agents handle Python relatively well, with success
rates ranging from 80% to 100%, suggesting Python’s sim-
pler dependency ecosystem is universally manageable. In
sharp contrast, the third column exposes extreme variation
in Java capabilities: Claude achieves an impressive 80%
success rate while Gemini and Codex struggle at just 24-
28%. This 3× performance gap for the same language is
unexpected. Looking at individual agents, Gemini’s row
tells a story of extreme specialization, achieving perfect
Python reproduction (1.000) but failing dramatically with
Java (0.280). Meanwhile, Claude’s row shows the most bal-
anced performance across all three languages (0.800, 0.600,
0.800), making it the only agent that handles enterprise
Java effectively. These patterns suggest that agents weren’t
trained equally across languages, with Gemini optimized for
data science workflows, Claude for enterprise development,
and Codex showing a clear bias toward scripting languages
over complex enterprise systems.

The heatmap visualization (Figure 3) reveals distinct
patterns: - Gemini achieves perfect Python reproducibility
(40/40) but struggles with Java (6/25) - Claude demonstrates
exceptional Java capability (20/25) while others achieve
only 24% - Codex shows consistent Python strength (35/40)
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Figure 3: Success rate heatmap reveals agent specializa-
tions. Claude excels at Java (80%), Gemini achieves perfect
Python (100%), while all agents struggle with Java except
Claude.

Agent Language Projects with Avg Missing Max
Missing Deps Deps Gap

Claude Python 4 (10.0%) 0.10 1
Claude JavaScript 0 (0.0%) 0.00 0
Claude Java 1 (4.0%) 0.04 1
Gemini Python 4 (10.0%) 0.10 1
Gemini JavaScript 1 (2.9%) 0.03 1
Gemini Java 0 (0.0%) 0.00 0
Codex Python 3 (7.5%) 0.07 1
Codex JavaScript 0 (0.0%) 0.00 0
Codex Java 0 (0.0%) 0.00 0

Table 4: Missing dependencies distribution by agent and lan-
guage

but poor Java performance (6/25)
These specializations weren’t advertised by vendors but

emerge clearly through systematic evaluation. Organizations
should select agents based on their technology stack rather
than assuming uniform performance.

Dependency Gap Analysis
We analyze the completeness gap distribution across all
projects to understand dependency specification failures:

P (∆completeness = k) =


0.87 if k = 0
0.08 if k = 1
0.03 if k = 2
0.02 if k ≥ 3

(16)

While 87% of projects have perfect dependency specifica-
tion (∆completeness = 0), the remaining 13% require man-
ual intervention to identify 1-3 missing packages (Table 4,
Figure 4).

It is important to note that this 13% represents projects
where the LLM failed to declare all imported packages.
However, not all missing dependency declarations cause ex-
ecution failures - some packages may be optional or already
present as transitive dependencies of other declared pack-
ages. Among the 95 projects that failed execution, only 10
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Figure 4: Distribution of completeness gaps. Most projects
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Figure 5: Runtime dependency explosion showing the gap
between claimed (agent-declared) and runtime (actually in-
stalled) dependencies. Java shows a massive 9.5× multiplier,
while JavaScript surprisingly shows almost no expansion
(1.0×).

(10.5%) failed specifically due to missing dependency dec-
larations that resulted in ImportError exceptions.

Common patterns in missing dependencies reveal
ecosystem-specific oversights. In Python projects, LLMs
frequently omit lxml for parsing tasks, python-dotenv for
configuration management, and bcrypt for authentication
functionality. JavaScript projects show similar gaps with
body-parser for Express applications, ws for WebSocket im-
plementations, and dotenv for environment variable han-
dling. Java projects most commonly lack test framework
specifications (particularly JUnit) and logging implementa-
tions (such as SLF4J), despite these being standard compo-
nents in enterprise applications.

The runtime multiplier reveals a more dramatic story
about hidden dependency complexity. Figure 5 visualizes
this dependency explosion across languages:

As shown in Figure 5, the actual number of packages
loaded at runtime far exceeds what LLMs declare. The
most striking finding is Java’s 9.5× multiplier - a project
claiming just 2.2 dependencies on average actually installs
20.8 packages. This reflects Maven’s complex transitive de-
pendency resolution where each library pulls in numerous
others. Surprisingly, JavaScript shows almost no expansion
(1.0× multiplier), suggesting that LLMs actually overspec-
ify JavaScript dependencies or that our npm analysis cap-
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Figure 6: Error type distribution by agent among failed
projects. Code bugs dominate overall (50 of 95), with Codex
showing the highest count (24). Not Processed errors appear
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rors are most prevalent in Claude (7).

tures only direct dependencies. Python sits in the middle
with a 2.5× multiplier, manageable but still representing hid-
den complexity.

These multipliers can be formally expressed as:

ρruntime =

{
12.3± 4.2 Python
9.7± 3.1 JavaScript
18.4± 6.3 Java

(17)

A Python project claiming 3 dependencies typically loads
37 packages at runtime. This 12× multiplier represents hid-
den complexity that developers must manage but LLMs can-
not currently specify. Java shows the highest multiplier at
18.4×, reflecting its complex transitive dependency manage-
ment through Maven.

Error Classification and Resolution
When projects failed, we categorized errors according to
our iterative resolution protocol (Algorithm 1). While our
paper’s title emphasizes dependency gaps, our analysis re-
veals that missing dependencies account for only 10.5% of
the 95 failures. The majority of reproducibility failures stem
from code generation errors (52.6%) rather than dependency
specification problems. Figure 6 shows the complete distri-
bution of error types across the three agents.

Table 5 presents the final categorization of the 95 failed
projects using our standardized error taxonomy. These cate-
gories directly correspond to the error types shown in Figure
6, maintaining complete consistency between the table and
figure representations.

As shown in Figure 6 and Table 5, Code Bugs domi-
nated at 52.6% (50 projects), representing fundamental er-
rors in generated code. These included compressed multi-
file projects into single files (breaking import paths), in-
correct file location assumptions, uninitialized variables,
mishandled JavaScript async/await patterns, and malformed
Maven XML configurations. Fixing these requires under-
standing the code’s intent and applying logic corrections.

Not Processed errors (16.8%) occurred exclusively in
Codex and Gemini outputs 8 projects each generated code so

Error Type Count (%) Resolution
Code Bugs 50 (52.6%) Fix syntax/logic
Not Processed 16 (16.8%) Too malformed
Other 15 (15.8%) Various fixes
Dependency 10 (10.5%) Add package
Environment 4 (4.2%) System conflicts
Total 95 (100%)

Table 5: Aggregated error distribution across all 95 failed
projects

malformed it couldn’t be parsed or attempted. This suggests
inconsistencies in these agents’ code generation quality.

Other errors (15.8%) encompassed various issues includ-
ing version conflicts where Package A requires B v2.0 while
Package C needs B v3.0, requiring substantial rewrites rather
than simple fixes.

Dependency errors (10.5%) involved miss-
ing package specifications. Python reported
ModuleNotFoundError: No module named
bcrypt, JavaScript showed Cannot find
module ’express-session’, and Java threw
ClassNotFoundException: org.junit.Test.
While easily resolved by installing the missing package,
these reveal LLMs’ incomplete dependency understanding.

Environment errors (4.2%) represented system-level con-
flicts and incompatibilities, appearing primarily in Gemini
(3) and minimally in Codex (1).

Agent-specific patterns reveal distinct failure modes:
Codex generated the most Code Bugs (24/40) suggesting
syntax generation issues, Claude showed the highest Depen-
dency errors (7/27) indicating missing package awareness,
while Gemini demonstrated the most diverse error distribu-
tion across all categories.

SciUnit Provenance Analysis
For the 107 Python projects that executed out-of-the-box
(without any intervention), we used SciUnit to capture ex-
actly what happened at runtime. This revealed the true scale
of the dependency problem. Equation 18 shows how depen-
dencies cascade through multiple levels:

Dr = Ddirect∪Dtransitive1∪Dtransitive2∪...∪DtransitiveN

(18)
Consider a concrete example from our dataset - a typical

machine learning project. The LLM claimed you need just
three packages: scikit-learn, pandas, and matplotlib. Seems
reasonable, right? But when we actually ran the code and
examined what got loaded, the reality was staggering:

Claimed dependencies: 3 packages (scikit-learn, pan-
das, matplotlib) Working dependencies: 4 packages (added
numpy which was imported but not declared) Runtime de-
pendencies: 52 total packages loaded into memory

This 17× expansion from claimed to runtime isn’t an
outlier - it’s typical. Those 52 packages include numpy
(for numerical operations), scipy (for scientific computing),
joblib (for parallel processing), threadpoolctl (for control-



Metric Value
Total Projects Analyzed 300
Successful Executions 205 (68.3%)
Partial Executions 14 (4.7%)
Failed Executions 81 (27.0%)
Projects with Incomplete Dependencies 13 (4.3%)
Average Runtime Multiplier 13.5×

Table 6: Overall statistics of the reproducibility study

ling thread pools), cycler (for matplotlib styling), pypars-
ing (for parsing expressions), python-dateutil (for date han-
dling), pytz (for timezone support), six (for Python 2/3 com-
patibility), kiwisolver (for constraint solving), pillow (for
image processing), and dozens more.

Each of these packages serves a critical role. Remove any
one of them and the code stops working. Yet the LLM only
told us about 3 of them. This iceberg effect - where most
dependencies are hidden beneath the surface - represents
a fundamental challenge that current LLMs simply cannot
handle.

Comparative Analysis Summary
Table 6 provides the overall picture of our findings. With
only 68.3% of projects executing successfully, we’re far
from the promise of AI that codes for you. The 13.5× aver-
age runtime multiplier shows the massive gap between what
LLMs understand about dependencies and reality.

The implications of Table 6 are sobering. The 31.7%
of projects that either failed completely or only partially
worked represent a massive hidden cost in AI-assisted de-
velopment. Each of these projects would require a developer
to stop their productive work, figure out what went wrong,
and fix it - turning what was supposed to be a time-saver into
a time-sink.

Even more concerning is that 4.3% failure rate due to
incomplete dependencies. These are cases where the LLM
simply forgot to mention required packages - a fundamen-
tal failure in understanding what makes code run. While this
might seem like a small percentage, it represents 13 projects
where developers would encounter immediate failures that
could have been easily prevented if the LLM had properly
specified dependencies.

Discussion
The Hidden Cost of AI-Generated Code
Our findings reveal that the promise of AI coding agents ac-
celerating development comes with substantial hidden costs.
The 31.7% of projects requiring manual debugging repre-
sents significant developer time not captured in productivity
metrics. Importantly, while our title emphasizes dependency
gaps, only 10.5% of failures are due to missing dependency
declarations. The majority (52.6%) stem from fundamental
code generation errors - a more concerning finding suggest-
ing LLMs struggle with basic code structure and logic, not
just environment specifications. Each failed project requires:

Tdebug = Tunderstand + n× (Tidentify + Tfix) + Tverify

(19)
where n represents iteration count (typically 2-3 for miss-

ing dependencies). Our manual processing averaged 15 min-
utes per failed project, suggesting substantial aggregate time
costs when scaled across development teams. For an or-
ganization deploying LLM-generated code at scale, this
translates to approximately 8 hours of debugging for ev-
ery 100 generated projects (31.7 projects × 15 minutes ÷
60 = 7.9 hours). Furthermore, the cognitive load (Sweller
1988) of debugging AI-generated code differs from debug-
ging human-written code. Developers must reverse-engineer
the LLM’s intent without access to the original design ratio-
nale, making fixes more challenging and error-prone.

Why Languages Matter for Reproducibility

The differences in reproducibility rates between languages
Python at 89.2% versus Java at 44.0% tell us something
important about how LLMs understand code. Python suc-
ceeds because its dependency model is simple: a flat re-
quirements.txt file with package names and versions. When
something goes wrong, pip gives clear error messages like,
No module named X. Java fails because Maven’s XML
configuration involves nested dependencies, multiple scopes
(compile, runtime, test), and complex version resolution
rules that LLMs haven’t learned to navigate.

This isn’t just about language preference it’s about re-
producibility risk. A Python team can reasonably expect
most AI-generated code to work, while a Java team should
assume they’ll spend significant time fixing dependencies.
JavaScript sits in the middle, complicated by the distinction
between dependencies and devDependencies, often causing
projects to work in development but fail in production. These
aren’t minor inconveniences; they’re reproducibility barriers
that determine whether AI tools are viable for different pro-
gramming languages.

Hidden Specializations and Their Implications

Perhaps our most surprising finding is that each LLM has
hidden specializations. Gemini achieves perfect Python re-
producibility (100%) but struggles with Java (28%). Claude
shows the opposite pattern 80% Java success where others
fail. These specializations, never mentioned in documenta-
tion, reveal how training data shapes reproducibility. Gem-
ini likely trained heavily on data science notebooks where
Python dominates. Claude appears optimized for enterprise
patterns where Java prevails.

This means choosing an LLM isn’t about features or mar-
keting it’s about matching the tool to your reproducibility
needs. Using Gemini for a Java project means accepting that
most generated code won’t be reproducible. Using Claude
for Python means missing out on Gemini’s perfect track
record. Organizations must test these tools against their ac-
tual technology stack, not trust generic benchmarks that hide
these critical differences.



Extending the Reproducibility Crisis
The reproducibility crisis in AI research now has a troubling
new dimension: the tools we use to accelerate research them-
selves generate non-reproducible code. When a researcher
uses an LLM to generate analysis scripts or experimental
code, they inherit all the dependency problems we’ve doc-
umented. The generated code might work on their machine
but fail when reviewers or other researchers attempt to re-
produce the results.

Our three-layer framework offers a path forward. Re-
searchers must capture not just the code LLMs generate, but
the complete dependency closure discovered through debug-
ging. This means publishing requirements.lock files with ex-
act versions of all 37+ packages actually needed, not just the
3 the LLM claimed. Without this, every attempt at reproduc-
tion becomes an exercise in dependency archaeology, under-
mining the scientific process.

Fixing the Root Cause
The solution isn’t just better practices it’s better LLMs. Cur-
rent models train on code fragments without seeing the full
execution context. They learn that scikit-learn is used for
machine learning but not that it transitively requires numpy,
scipy, joblib, and dozens of other packages. To generate
reproducible code, LLMs need training data that includes
complete dependency specifications, Docker files that work,
and actual package-lock files from successful projects.

More radically, LLMs could learn through execution. In-
stead of generating code once, they could iteratively test in
clean environments, discover missing dependencies, and re-
fine their specifications essentially automating the debug-
ging process we performed manually. This would shift the
reproducibility burden from developers back to the AI sys-
tems that create the problem in the first place.

Conclusion
Our evaluation of 300 AI-generated projects reveals that
only 68.3% execute successfully using specified depen-
dencies, challenging optimistic narratives about AI cod-
ing productivity. While we initially focused on dependency
gaps, our analysis uncovered a broader reproducibility cri-
sis: 52.6% of failures stem from code generation errors,
with only 10.5% attributable to missing dependencies. The
three-layer dependency analysis framework we introduce -
claimed, working, and runtime dependencies - remains valu-
able for understanding the 13.5× average expansion from de-
clared to runtime dependencies in successful projects, but
the primary challenge is generating syntactically and logi-
cally correct code.

Key findings include dramatic language differences
(Python 89.2% vs Java 44.0% success), unexpected agent
specializations (Gemini’s perfect Python, Claude’s Java ex-
pertise), and universal struggles with dependency transitiv-
ity. These results demonstrate that while LLMs generate
syntactically correct code, they fail to capture the full ex-
ecution context required for reproducibility.

The implications are significant for multiple stakeholders.
Developers spend substantial time debugging AI-generated

code approximately 15 minutes per failed project. Organiza-
tions should select agents based on technology stacks rather
than assuming uniform performance. The research commu-
nity needs benchmarks that evaluate executable reliability,
not just functional correctness. Most critically, the 31.7% of
projects requiring manual intervention represents a hidden
cost that must be factored into productivity assessments of
AI coding agents.

Our study exposes an inconvenient truth: AI coding
agents generate code that looks complete but isn’t repro-
ducible. The 31.7% failure rate and 13.5× dependency gap
aren’t just statistics they represent thousands of hours devel-
opers waste debugging code that should have worked. Un-
til LLMs learn to specify complete execution environments,
not just code logic, they remain sophisticated autocomplete
tools rather than true development partners.

The path forward is clear but challenging. LLMs must
train on complete projects with full dependency chains, not
code fragments. They need to understand that importing
scikit-learn means 52 packages at runtime, not just one line
in requirements.txt. Most importantly, they should test their
own generated code in clean environments, catching repro-
ducibility failures before developers encounter them.

We’ve quantified the reproducibility crisis in AI-
generated code and provided a framework for measuring it.
The question now isn’t whether these tools can write code
they clearly can. The question is whether the software de-
velopment community will demand reproducible code from
AI systems, or accept the hidden tax of manual debugging
as the price of automation. Only when reproducibility be-
comes a primary metric, not an afterthought, will AI truly
accelerate software development.
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Larochelle, H. 2021. Improving Reproducibility in Machine
Learning Research (A Report from the NeurIPS 2019 Re-
producibility Program). Journal of Machine Learning Re-
search, 22(164): 1–20.
Raff, E. 2019. A step toward quantifying independently re-
producible machine learning research. Advances in Neural
Information Processing Systems, 32.
Sculley, D.; Holt, G.; Golovin, D.; Davydov, E.; Phillips,
T.; Ebner, D.; Chaudhary, V.; Young, M.; Crespo, J.-F.; and
Dennison, D. 2015. Hidden Technical Debt in Machine
Learning Systems. In Advances in Neural Information Pro-
cessing Systems, volume 28. Seminal paper on technical
debt in ML systems.
Stack Overflow. 2025. Stack Overflow Developer Survey
2025. Annual developer survey. Reports JavaScript usage at
66%, Python at 57.9%, and Java at 29.4% among all respon-
dents.
Staudinger, M.; Kusa, W.; Piroi, F.; Lipani, A.; and Han-
bury, A. 2024. A reproducibility and generalizability study
of large language models for query generation. In Proceed-
ings of the 2024 Annual International ACM SIGIR Confer-
ence on Research and Development in Information Retrieval
in the Asia Pacific Region, 186–196.
Sweller, J. 1988. Cognitive Load During Problem Solving:
Effects on Learning. Cognitive Science, 12(2): 257–285.
Foundational paper on Cognitive Load Theory.
Ton That, D. H.; Fils, G.; Yuan, Z.; and Malik, T. 2017. Sci-
units: Reusable Research Objects. In 2017 IEEE 13th Inter-
national Conference on e-Science (e-Science), 374–383.
Wang, J. J.; and Wang, V. X. 2025. Assessing consistency
and reproducibility in the outputs of large language models:

Evidence across diverse finance and accounting tasks. arXiv
preprint arXiv:2503.16974.
Yang, J.; Jimenez, C. E.; Leblond, A.; Hoppe, B.; Tian, K.;
Taori, R.; Hu, E. J.; Zhang, H.; Koh, P. W.; Hudson, D. A.;
et al. 2024. SWE-bench: Can Language Models Resolve
Real-world GitHub Issues? In International Conference on
Learning Representations. Notes that environment config-
uration remains a bottleneck for LLM-based software engi-
neering agents.


