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Abstract

Large Language Models (LLMs) are increasingly used to support
software engineering tasks such as code generation, bug fixing,
and program comprehension. However, their ability to support ex-
ception handling tasks remains largely unexplored. Prior work on
automated exception handling has mostly relied on task-specific
models, fine-tuning, or specialized pipelines, which may limit reuse
across projects and as APIs evolve. In this paper, we empirically
evaluate whether open-source and proprietary LLMs can support
Python exception handling tasks through prompting alone, with-
out fine-tuning. We study four tasks: (1) detecting whether excep-
tion handling is necessary, (2) localizing statements that should
be enclosed in a try block, (3) recommending exception types for
except clauses, and (4) generating exception handlers. We further
complement the generation task with a quality assessment of the
generated exception handlers. We evaluated several LLMs, includ-
ing CodeLlama, Phi-4, GPT-4 Mini, Claude Haiku 4.5, and Gemini
3 Flash, across four prompting strategies using a benchmark from
21 open-source Python projects, collecting 479,345 functions and
curating 379 code snippets. Results showed stronger effectiveness
for exception necessity detection and try-block localization, with
best F-scores of 0.752 and 0.733, respectively, while exception-type
recommendation and handler generation remained substantially
more challenging. Overall, our findings indicate that prompt-based
LLMs are more suitable as early-stage exception handling tasks for
detecting need contexts and localizing risky statements. Also, gen-
erated exception handlers still require validation, as they often
diverge semantically from developer-written implementations and
introduce more exception-related quality violations.
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1 Introduction

Large Language Models (LLMs) have transformed how developers
interact with source code. Recent models (e.g., Claude, Gemini, Chat-
GPT) have been successfully applied to code generation, debugging,
refactoring, testing, and documentation [14, 19, 21, 27, 29, 30, 34, 35].
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These advances highlight the potential of LLMs to support a wide
range of tasks through natural-language instructions.

One such task is exception handling, a fundamental aspect of
robust software design that enables systems to gracefully man-
age unexpected runtime conditions [5]. However, developers of-
ten struggle with key decisions when implementing exception
handling mechanisms, including whether a try-except block is
necessary, which statements should be protected, which excep-
tion types to handle, and how to implement appropriate recov-
ery actions. Prior studies have shown that inadequate exception
handling can introduce bugs, obscure failures, and reduce main-
tainability, often through the presence of exception handling anti-
patterns [3, 4, 8, 16, 28, 31, 32]. Existing automated approaches,
such as mining-based techniques, fuzzy-logic recommenders, neural
models, and fine-tuned transformers, typically require task-specific
training and are often evaluated in Java [1, 7, 13, 24, 36, 37].

In contrast, this work investigates whether general-purpose
LLMs can support multiple Python exception handling tasks through
prompting alone, without fine-tuning. Compared with Neurex [7],
which fine-tunes CodeBERT on Java for three of these tasks, and
L2HE [36], which trains a neural model from scratch on Java, we
(i) target Python, whose dynamic typing and lack of checked ex-
ceptions make API-level exception inference different; (ii) rely on
prompting alone, eliminating the need for task-specific training
data and enabling reuse as models evolve; and (iii) go beyond previ-
ous works by also examining exception-handler generation through
automatic metrics, human assessment, and static analysis.

To this end, we design an empirical study that decomposes excep-
tion handling into four complementary tasks reflecting developer
reasoning: (1) determining whether exception handling is necessary,
(2) localizing statements that should be enclosed in a try block,
(3) recommending appropriate exception types, and (4) generating
exception handlers. We evaluate four prompting strategies (default,
one-shot, few-shot, and chain-of-thought) across open-source and
proprietary LLMs, namely CodeLlama, Phi-4, GPT-4 Mini, Claude
Haiku 4.5, and Gemini 3 Flash. We also complement exception han-
dler generation with a static-analysis-based quality assessment of
the generated handlers.
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Our results show that LLMs are more effective for early-stage
reasoning tasks than for generation. GPT-4 Mini achieved the high-
est observed values in necessity detection (F-score = 0.752), while
Gemini 3 Flash achieved the highest observed values in try-block
localization (F-score = 0.733). In contrast, exception-type recommen-
dations remain challenging, with low F1 scores across models, and
exception handler generation achieved limited semantic alignment
with reference implementations despite moderate lexical similarity
(best CrystalBLEU = 0.104). Human evaluation indicated that 48%-
67% of generated handlers were perceived as weakly aligned with
developer-written code, and static analysis showed that generated
handlers introduced 104.2% more exception-related quality viola-
tions on average, particularly due to missing exception chaining
and overly broad exception catching.

This study makes four main contributions. First, we provide
empirical evidence on prompt-based LLMs for Python exception
handling, complementing the Java-and-fine-tuning line of work
represented by Neurex [7] and L2HE [36]. We find that LLMs reach
reasonable scores on necessity detection and try-block localization
but remain weak on type recommendation and handler generation.
Second, we compare five open-source and proprietary LLMs across
four prompting strategies, characterizing where prompt complexity
helps and where it does not. Third, we triangulate evaluation
across automatic similarity metrics, human assessment, and static-
analysis-based quality measurement, showing that lexical similarity
to reference handlers is a poor proxy for semantic correctness or
anti-pattern avoidance. Finally, we release a curated benchmark
of Python code snippets, prompt templates, and evaluation scripts
to support reproducibility and future work.

1.1 Motivating Example

To illustrate the motivation and scope of our study, Figure 1 presents
a real function extracted from the Django framework 1.

The function get_language_from_path extracts and validates a
language code from a path string. In Figure 1a, the function calls get
_supported_language_variant() without exception handling,
assuming that the language code is always valid. However, this
call may raise a LookupError when the language variant is invalid
or unsupported. Figure 1b shows the corrected version, where the
risky call is enclosed in a try-except block and the exception type
LookupError is handled without interrupting program execution.

This example illustrates the reasoning steps developers perform
when adding exception handling mechanisms. In this paper, we
decompose this process into four exception handling tasks:

(1) #1. Is a try-except Block Necessary? This task deter-
mines whether exception handling is needed. In the example,
a try-except block is necessary because get_supported
_language_variant () may fail when the extracted language
code is invalid or unsupported.

(2) #2. Try Block Localization. This task identifies which
statements should be enclosed within the try block. In the
example, the statement return get_supported_language
_variant(lang_code, strict=strict) is the risky opera-
tion. The previous statements, such as the regular expression

Uhttps://github.com/django/django
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def get_language_from_path(path, strict=False):

Return the language code if there's a valid
language code found in “path™.

regex_match = language_code_prefix_re.match(
path)

if not regex_match:
return None

lang_code = regex_match[1]

return get_supported_language_variant(
lang_code, strict=strict)

1: (a) Code snippet without exception handling.

def get_language_from_path(path, strict=False):
Return the language code if there's a valid
language code found in “path~.
regex_match = language_code_prefix_re.match(
path)
if not regex_match:
return None
lang_code = regex_match[1]
try:
return get_supported_language_variant(
lang_code, strict=strict)
except LookupError:
return None

2: (b) Code snippet after adding exception handling.

Figure 1: Code snippets illustrating exception handling.

match and variable assignment, remain outside the try block
to avoid unnecessarily broad exception handling.

(3) #3. Determining the Required Exception Types. This
task identifies which exception type should be handled in
the except clause. In the example, the appropriate type is
LookupError, which represents invalid or unsupported lan-
guage variants returned by the validation function.

(4) #4. Except Handler Generation. This task synthesizes
the complete except block. In the example, the expected
handler catches LookupError and returns None, providing
a safe recovery behavior instead of propagating the failure.

By applying these steps, the unhandled version in Figure 1a
can be transformed into the handled version in Figure 1b. This
example shows how exception handling can be decomposed into
interpretable tasks for systematic evaluation. We use this decompo-
sition to assess how well LLMs perform distinct Python exception
handling tasks on real-world open-source code.

2 Study Design

This study investigates how effectively Large Language Models
(LLMs) can support exception handling tasks through prompt-based
strategies. We evaluate four tasks that capture distinct reasoning
aspects of exception handling, ranging from identifying whether a
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try-except block is needed to generating complete except han-
dlers. In addition, we conduct a complementary quality assessment
of the generated handlers to determine whether LLM outputs ad-
here to exception handling quality guidelines. Therefore, we define
the following research questions:

RQ;: How effectively can LLMs determine whether excep-
tion handling is necessary? This research question evaluates the
model’s ability to identify code snippets that require exception han-
dling. The task involves binary classification, predicting whether
a code snippet should contain a try-except block. This task indi-
cates how well LLMs perform risk assessment and context-aware
reasoning for exception handling mechanisms.

RQ;: How effectively can LLMs identify which statements
should be enclosed in a try block? This research question ex-
amines whether LLMs can identify which statements should be
enclosed within a try block. The task requires distinguishing oper-
ations that may raise exceptions from statements that can safely
remain outside the protected region. This task reflect how well a
model captures statement-level execution flow, data and control
dependencies, and the propagation of failures.

RQs: How effectively can LLMs recommend the exception
types that should be handled in the except clauses? This re-
search question examines whether a model can infer which excep-
tion type is appropriate for a given code context. Because each in-
stance requires selecting one label from multiple possible exception
types, we formulate the task as a multi-class recommendation prob-
lem. This task indicates how well the model maps code operations
and control-flow context to language-specific exception hierarchies,
such as distinguishing between input-conversion errors, missing
resources, indexing failures, and invalid state conditions.

RQjy: How effectively can LLMs generate complete exception
handlers? This research question evaluates LLMs’ ability to syn-
thesize coherent, semantically meaningful exception handling code
from the provided context. Unlike previous prediction tasks, this
task requires producing syntactically valid except blocks, selecting
appropriate exception types, and generating useful recovery actions
or diagnostic messages.

RQs: What exception-related quality violations are intro-
duced by LLM-generated exception handlers? This research ques-
tion complements Task 4 by assessing the quality of the generated
exception handlers. Even when generated handlers are syntactically
valid or lexically similar to reference implementations, they may
still contain exception handling anti-patterns such as overly broad
exception catching as overly broad catches, or empty handlers.
We therefore use static analysis to determine whether generated
handlers introduce exception-related quality violations commonly
associated with poor practices.

2.1 Dataset Collection and Filtering

In the first step, we collected functions from 21 open-source Python
projects to construct the datasets to answer the research questions.
We selected repositories using the Software Engineering Research
Tool (SEART),? focusing on active and widely used Python projects.
We required each repository to have at least 5,000 stars, 5,000 com-
mits, 100 pull requests, open issues, and recent development activity.

Zhttps://seart-ghs.si.usi.ch/
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Selected projects include Django, FastAPI, LangChain, pytest, pip,
spaCy, and Azure SDK for Python. From these repositories, we ex-
tracted functions containing at least one try-except block using a
custom parser built on top of Python’s Tree-Sitter AST module [6].
The list of selected repositories, along with the tool for data collec-
tion and filtering, is available in the supplementary material [12].

We applied three filtering criteria in a single pass to the 479,345 ini-
tially collected functions: at least one try-except block, non-trivial
size (=5 statements), and no nested or incomplete try-except
blocks. Because the criteria were applied conjunctively, we report
only the collective reduction (Table 1). After filtering, 25,348 func-
tions remained (~5.2%), meaning the combined filters removed
453,997 functions.

To prepare the dataset for our four evaluation tasks, we systemat-
ically removed the original try-except blocks from these Python
functions, simulating code segments without exception handling.
These modified code snippets served as input to the LLMs, while
the originals (with try-except blocks) were retained as developer-
written reference implementations for evaluation. We define a code
snippet as a complete Python function, including its signature and
all internal statements; for positive samples, the snippet represents
the function with its original try-except blocks removed. Finally,
to ensure statistical robustness, we selected a random sample with
a 95% confidence level and a 5% margin of error, yielding a final
dataset of 379 representative code snippets (out of the filtered pop-
ulation). Table 1 summarizes the population, filters, final sample
size, and dataset usage per research question.

Table 1: Sample Selection and Usage per Research Question

Stage / RQ Count

479,345 functions
1. Must contain >1 try-except block

Initial Population

Filters Applied 2. Non-trivial (>5 executable statements)

3. No nested or incomplete try-except
Total Filtered Out 453,997 functions (applied collectively)
Filtered Population 25,348 functions (approx. 5.2% retained)
Selected Sample 379 code snippets (95% conf., 5% margin of error)
Usage per RQ

RQ; (Necessity)
RQ; (Localization)
RQ3 (Type Recom.)
RQ4 (Generation)

379 positive + 379 negative (758 total)
379 code snippets
379 code snippets

379 code snippets (100 for human eval)

For Task 1 (Exception Handling Necessity Detection), we
aimed to evaluate whether LLMs can determine if a given code snip-
pet requires exception handling mechanisms. Using the 379 positive
samples (functions containing try-except blocks collected from
the process mentioned above), we constructed an equal number
of negative samples by randomly selecting functions without any
try-except structure from the initial dataset. This produced a
balanced binary dataset for evaluating accuracy.

For Task 2 (Try Block Localization), we converted each code
snippet into a sequence of individual statements and annotated
which ones were enclosed within a try block. Each statement inside
a try block was labeled as 1, while others were labeled as @. This
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binary representation allowed us to evaluate how accurately LLMs
can localize the code regions that require exception handling. For
example, consider a function composed of six statements, where
only the fourth and fifth are protected by a try block. The resulting
annotation array would be [0, @, @, 1, 1, 0], indicating that
statements 4 and 5 are enclosed by exception handling.

For Task 3 (Exception Type Recommendation), we extracted
all exception types appearing in the except clauses of the collected
functions. Each function could have one or more handled excep-
tions (e.g., FileNotFoundError, KeyError, ValueError), which
we treated as multi-class labels. This dataset then evaluated how
effectively LLMs can infer appropriate exception types given a code
snippet and its context.

Finally, for Task 4 (Except Handler Generation), we extracted
all except blocks from the collected dataset, capturing both the
exception type and the statements contained within each handler,
preserving the contextual relationships between the handled excep-
tion and its corresponding recovery logic. These annotated blocks
were used to evaluate how LLMs can generate contextually relevant,
semantically correct exception handlers.

2.2 Prompt Engineering

Prompt design plays a central role in evaluating LLMs in a prompt-
based setting, as small changes to task instructions, examples, or out-
put constraints can substantially affect model behavior. To system-
atically analyze this effect, we evaluate four prompting strategies
based on previous studies [20] across all exception handling tasks:
default, one-shot, few-shot, and chain-of-thought (CoT). These
strategies allow us to assess whether additional examples or ex-
plicit reasoning instructions improve LLM effectiveness for different
types of exception handling tasks.

The default prompt consists of a concise instruction that directly
describes the task and specifies the expected output format, without
examples or explicit reasoning steps. The one-shot prompt includes
one illustrative input-output example before the target code snippet.
This example is selected from our initial dataset and demonstrates
the expected format and reasoning pattern for the corresponding
exception handling task. The few-shot prompt includes up to three
representative examples before the target snippets, demonstrat-
ing distinct exception handling mechanisms. Finally, the Chain-of-
Thought (CoT) prompt explicitly instructs the model to reason step
by step about the exception handling decision before producing
the final output, allowing us to evaluate whether explicit reasoning
benefits tasks that require control-flow or semantic analysis.

Prompts were developed through an iterative, model-agnostic
process to avoid bias toward the evaluated models. All refinements
were performed using an external LLM (Gemini) not included in the
experiments, starting from basic task descriptions and progressively
clarifying the programming language, task objective, expected out-
put format, and reasoning instructions for CoT prompts. This pro-
cess resulted in a unified set of prompt templates for all exception
handling tasks. In all prompting strategies, the models receive only
the isolated target function, including its signature, without exter-
nal project context such as imports, class definitions, called-method
implementations, module-level variables, or dependencies.

Souza et al.

For one-shot and few-shot settings, examples were randomly
selected from the curated dataset and automatically injected into
the prompts, along with task instructions and example input-output
pairs, to form a combined prompt that included the target code
snippet. For example, Figure 2 shows a representative one-shot
prompt used for Task 1, where the goal is to decide whether excep-
tion handling is necessary. The prompt is composed of three main
parts: i) the task instruction, specifying what the model should
determine; ii) the example pair, showing one sample input and
its expected output; and iii) the target query, containing the new
code snippet to evaluate.

### Task: Determine if exception handling is
necessary.

#### Example

Code:

result = 10 / user_input

Expected answer: Yes

Reason: user_input could be zero (
ZeroDivisionError).

#### Now analyze this code:

data = load_data()

data[@] = process(datal[0])

Answer only "Yes" or "No" depending on whether a
try-except block is needed.

Figure 2: Example of a one-shot prompt used for Task 1 (Ex-
ception Handling Necessity Detection).

The same template structure was adapted to all exception han-
dling tasks, using consistent instructions, output formats, and task-
specific examples. The complete prompts are available in the sup-
plementary material [12].

2.3 Model Selection and Experimental Setup

We executed the prepared prompts across open-source and propri-
etary LLMs to compare models with different architectures, sizes,
and deployment settings. The selected models include locally de-
ployable open-source models that support reproducibility and on-
premises execution, as well as compact proprietary models that
reflect current commercial coding assistants. This setup enables a
controlled comparison of trade-offs between openness, deployment
flexibility, inference efficiency, and task effectiveness.

The evaluated models were Phi-4 [23], an open-source model
with approximately 14B parameters designed for general reasoning
and code-understanding tasks; CodeLlama [22], an open-source
model with approximately 7B parameters specialized in programming-
related tasks; and GPT-4 Mini [25], Claude Haiku 4.5 [2], and
Gemini 3 Flash [10], three compact proprietary models designed
for efficient reasoning and code generation.

All models were executed with default parameters and without
model-specific tuning. Open-source models were run locally using
the Ollama framework on a workstation with an Intel i9-14900
CPU (24 cores), 64GB RAM, and an NVIDIA RTX 4000 GPU (20GB).
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Proprietary models (Claude Haiku 4.5, GPT-4 Mini, and Gemini 3-
flash-preview) were accessed via official APIs (Anthropic, OpenAl,
and Google GenAI SDKs) on vendor-hosted infrastructure. The full
pipeline required approximately 28 hours for open-source models
and 12 additional hours for proprietary models.

2.4 Evaluation Metrics

To evaluate LLM effectiveness across the research questions (four
exception handling tasks and the complementary exception han-
dling quality analysis), we adopted widely used metrics from prior
work on code understanding and generation [36]. Each research
question focuses on a specific reasoning ability (e.g., classification,
code generation) that requires a different evaluation metric. Details
are summarized as follows.

For RQ; (Exception Necessity Detection) and RQ, (Try Block
Localization), we modeled the problems as classification tasks.
We report Accuracy, Precision, Recall, and F-score. They are com-
puted as Precision = %, Recall = %, and F-Score =
%ﬁm, where TP, FP, and FN denote true positives, false
positives, and false negatives, respectively. Accuracy measures the
proportion of correct predictions, while Precision and Recall cap-
ture the trade-offs between false positives and false negatives. The
F-score summarizes their harmonic balance and is particularly use-
ful when dealing with class imbalance.

For RQ3 (Exception Type Recommendation), we evaluate
recommendation quality using four complementary metrics: Exact
Accuracy, Hierarchy Accuracy, Weighted F1, and Macro F1. Exact
Accuracy measures whether the predicted exception matches the
reference label exactly. Hierarchy Accuracy rewards predictions
that correspond to semantically related parent or child exception
types in Python’s exception hierarchy. Weighted F1 emphasizes
common exception types according to class frequency, whereas
Macro F1 gives equal importance to both common and rare types.

For RQ4 (Exception Handler Generation), we compared gen-
erated and developer-written handlers using CrystalBLEU [9], Jac-
card Similarity [11], and Exact Match. We also used Python’s Ab-
stract Syntax Tree parser (ast . parse) to identify syntactically valid
generated handlers. Because models often produced isolated except
blocks, each output was embedded in a minimal valid try struc-
ture before parsing. To complement the automatic metrics, we
conducted a human evaluation of 100 randomly selected outputs
(20 per model). Each sample contained (i) the input function with
its original try-except block removed, (ii) the developer-written
except block as the reference handler, and (iii) the generated han-
dler. Three evaluators with Software Engineering backgrounds and
1-5 years of Python experience independently rated all samples on
a five-point scale for semantic similarity and logical coherence. Eval-
uators were unaware of the model identities, and agreement was
measured using Krippendorft’s alpha. Finally, we assessed the syn-
tactic validity of all generated handlers using Python’s ast. parse.
All outputs, including syntactically invalid ones, were retained in
the automatic and human evaluations to avoid survivorship bias.

For RQs5 (Exception-Related Quality Violations), we applied
Pylint? to the generated handlers and their developer-written ref-
erences. We analyzed four exception-related rules: Bare Except

Shttps://www.pylint.org/
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(W0702), Try-Except-Pass (W0706), Missing Exception Chaining
(W0707), and Broad Exception Catching (W0718). We report the
average number of violations per sample, the percentage difference
from the references, and their statistical significance.

3 Results

In this section, we describe the results and answer the research
questions.

3.1 RQ;: How effectively can LLMs determine
whether exception handling is necessary?

Table 2 presents the results for the necessity prediction task across
both open-source and proprietary LLMs. Overall, GPT-4 Mini with
the few-shot prompt achieved the highest observed values, with
accuracy (0.708), precision (0.654), and f-score (0.752). This combi-
nation (prompt style and LLM) suggests that providing illustrative
examples helps the model better distinguish when try-except
blocks are necessary, enabling it to focus on key contextual indica-
tors without overgeneralizing.

Table 2: Try-except necessity results by model and prompt.

Model Prompt Accuracy Precision Recall F-Score
CodeLlama Default 0.533 0.544 0.406 0.465
CodeLlama One-shot  0.530 0.527 0.596 0.559
CodeLlama Few-shot 0.493 0.496 0.763 0.601
CodeLlama CoT 0.512 0.512 0.525 0.518
Phi-4 Default 0.648 0.592 0.947 0.729
Phi-4 One-shot  0.635 0.581 0.966 0.725
Phi-4 Few-shot  0.620 0.583 0.842 0.689
Phi-4 CoT 0.586 0.547 1.000 0.707
GPT-4 Mini Default 0.670 0.617 0.900 0.732
GPT-4 Mini One-shot  0.690 0.632 0.908 0.745
GPT-4 Mini Few-shot 0.708 0.654 0.884 0.752
GPT-4 Mini CoT 0.567 0.536 0.995 0.697
Claude Haiku 4.5 Default 0.681 0.623 0.913 0.741
Claude Haiku 4.5 One-shot 0.672 0.609 0.958 0.745
Claude Haiku 4.5 Few-shot 0.668 0.611 0.923 0.735
Claude Haiku 4.5 CoT 0.658 0.595 0.989 0.743
Gemini 3 Flash Default 0.649 0.609 0.831 0.703
Gemini 3 Flash One-shot  0.656 0.599 0.939 0.732
Gemini 3 Flash Few-shot 0.673 0.614 0.934 0.741
Gemini 3 Flash CoT 0.562 0.543 0.776 0.639

Among the evaluated models, proprietary models generally achieved

higher effectiveness. GPT-4 Mini achieved a balanced effectiveness
across metrics, particularly under one-shot and few-shot prompting,
while Claude Haiku 4.5 showed stable effectiveness across prompt
styles (f-scores between 0.735 and 0.745). Gemini 3 Flash remained
competitive but was more sensitive to prompt formulation, improv-
ing under few-shot prompting and declining under CoT.
Regarding open-source models, Phi-4 achieved the highest effec-
tiveness on this task, with an F-score of 0.729 (default) and a recall of
1.000 under CoT. The perfect recall, however, comes from Phi-4 pre-
dicting “Yes” on essentially every input under CoT, which means it
is degenerate as a classifier even though the metric looks strong; the
corresponding precision (0.547) confirms this. We therefore caution
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against reading the recall column in isolation. In contrast, CodeL-
lama achieved lower effectiveness across configurations, although
few-shot examples substantially improved its recall (0.763). Overall,
proprietary models tended to outperform open-source baselines in
precision and F-score, while Phi-4 remained competitive in recall-
oriented scenarios (it identified all risky cases but also flagged some
safe code unnecessarily). This finding highlights a trade-off between
balanced predictive effectiveness and high-coverage detection.

Consistent with prior research on binary code reasoning tasks [14,
19], lightweight contextual prompts such as one-shot and few-shot
were more effective than longer reasoning traces for necessity pre-
diction. In contrast, CoT prompting tended to maximize recall,
indicating that models became more conservative and classified
more cases as requiring exception handling mechanisms.

Summary: LLMs show promising results for identifying
whether exception handling mechanisms is needed. GPT-4
Mini with few-shot prompting achieved the highest F-score
(0.752), suggesting that LLMs can support early-stage excep-
tion handling triage.

3.2 RQ,: How effectively can LLMs identify
which statements should be enclosed in a
try block?

Table 3 presents the results for the statement localization task,
where the goal is to identify which specific statements should be
enclosed by a try block. Overall, Gemini 3 Flash with the CoT
prompt achieved the highest effectiveness, obtaining the highest
accuracy (0.949), precision (0.687), recall (0.786), and f-score (0.733).
This result indicates that reasoning-oriented prompting substan-
tially improves fine-grained localization by helping the model to
analyze the execution flow and identify exception-prone statements
more precisely.

Table 3: Try block localization results by model and prompt.

Model Prompt Accuracy Precision Recall F-Score
CodeLlama Default 0.892 0.319 0.155 0.209
CodeLlama One-shot  0.903 0.414 0.155 0.226
CodeLlama Few-shot 0.885 0.350 0.294 0.320
CodeLlama CoT 0.904 0.372 0.086 0.139
Phi-4 Default 0.875 0.271 0.225 0.246
Phi-4 One-shot  0.889 0.167 0.053 0.081
Phi-4 Few-shot  0.905 0.000 0.000 0.000
Phi-4 CoT 0.889 0.085 0.021 0.034
GPT-4 Mini Default 0.901 0.458 0.610 0.523
GPT-4 Mini One-shot  0.891 0.418 0.561 0.479
GPT-4 Mini Few-shot  0.862 0.327 0.487 0.391
GPT-4 Mini CoT 0.884 0.402 0.561 0.469
Claude Haiku 4.5 Default 0.923 0.564 0.684 0.618
Claude Haiku 4.5 One-shot 0.867 0.338 0.476 0.396
Claude Haiku 4.5 Few-shot 0.927 0.579 0.743 0.651
Claude Haiku 4.5 CoT 0.933 0.621 0.701 0.658
Gemini 3 Flash Default 0.923 0.559 0.711 0.626
Gemini 3 Flash One-shot  0.893 0.437 0.610 0.509
Gemini 3 Flash Few-shot  0.915 0.525 0.668 0.588
Gemini 3 Flash CoT 0.949 0.687 0.786 0.733

Souza et al.

Claude Haiku 4.5 demonstrated consistent effectiveness across
prompting strategies, with high accuracy and f-scores ranging
from 0.396 to 0.658, particularly benefiting from few-shot and CoT
prompting. GPT-4 Mini also achieved competitive results, espe-
cially under the default prompt (f-score = 0.523), but showed lim-
ited improvement with additional context (e.g., few-shot). Among
open-source models, CodeLlama achieved the highest observed
f-score, 0.320, with few-shot prompting, indicating that examples
help smaller models generalize. In contrast, Phi-4 maintained rela-
tively high accuracy but exhibited low recall and F-score, suggesting
overly conservative predictions.

Proprietary models outperformed the open-source models on
balanced metrics such as precision and F-score, while open models
generally maintained moderate accuracy. These results suggest that
identifying which statements should be enclosed in a try block
depends on contextual reasoning about APIs, side effects, and data
dependencies. Accordingly, CoT prompting was more beneficial
in this task than in RQ;, where shorter prompts were sufficient.
Overall, statement localization appears substantially more challeng-
ing than try-except necessity and benefits from good reasoning
capabilities in the proprietary models.

Summary: LLMs help identify which statements should be
enclosed in a try block. Gemini 3 Flash with CoT achieved the
best effectiveness (F-score = 0.733), and proprietary models
consistently outperformed open-source models.

3.3 RQs;: How effectively can LLMs recommend
exception types for except clauses?

Table 4 presents the results for the exception type recommendation
task. Among all evaluated models, Gemini 3 Flash (CoT) achieved
the highest Exact Accuracy (0.422) and the highest Hierarchy Ac-
curacy (0.493), indicating the strongest ability to predict either
the exact exception type or a semantically related parent class. In
contrast, Claude Haiku 4.5 (CoT) achieves balanced classification
results across metrics, with the highest Weighted F1 (0.203) and
Macro F1 (0.275), suggesting better results across both frequent and
infrequent exception types.

Proprietary models generally achieved higher effectiveness. Claude
Haiku 4.5 showed the most consistent effectiveness across prompt
styles, with all configurations remaining competitive, and its CoT
variant leading the F1-based metrics. GPT-4 Mini also remained
competitive, particularly under CoT prompting (Exact Accuracy =
0.359; Hierarchy Accuracy = 0.438), although it underperformed
Claude Haiku 4.5 and Gemini 3 Flash on weighted and macro F1
scores. Among the open-source models, Phi-4 delivered the best
results, achieving Exact Accuracy of 0.274 (Few-shot) and Weighted
F1 of 0.160 (Default), approaching GPT-4 Mini on selected met-
rics and indicating that recent compact open-source models can
be viable, low-cost alternatives for exception recommendation. In
contrast, CodeLlama achieved lower effectiveness across metrics.

Prompt effectiveness also differed by model family. As observed
in RQ2, CoT prompting proved beneficial for several proprietary
models, especially Gemini 3 Flash and Claude Haiku 4.5. However,
for open-source models, Few-shot prompting often outperformed
CoT, particularly for Phi-4 and CodeLlama, suggesting that explicit
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Table 4: Exception type recommendation results by model
and prompt.
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Table 5: Exception handler generation results by model and
prompt.

Model Prompt Exact Acc. Hierarchy Acc. Weighted F1 Macro F1 Model Prompt CrystalBLEU Jaccard Exact Match
CodeLlama Default 0.018 0.018 0.023 0.035
CodeLlama One-shot  0.061 0.095 0.052 0.083 CodeLlama Default 0.026 0.216 0.003
CodeLlama Few-shot  0.113 0.177 0.062 0.071 CodeLlama One-shot 0.021 0.203 0.011
CodeLlama CoT 0.037 0.061 0.040 0.038 CodeLlama Few-shot 0.021 0.189 0.008
Phi-4 Default 0.251 0.280 0.160 0.139 CodeLlama CoT 0.022 0.194 0.008
Phi-4 One-shot  0.206 0.261 0.150 0.179 ;
Phi-4 Few-shot 0.274 0.340 0.159 0.140 Phi-4 Default 0.023 0.248 0.003
Phi-4 CoT 0.240 0.274 0.150 0.086 Phi-4 One-shot 0.028 0.250 0.018
GPT-4 Mini Default 0.298 0377 0.143 0.146 Phi-4 Few-shot 0.032 0.268 0.026
GPT-4 Mini One-shot 0.230 0.290 0.163 0.173 Phi-4 CoT 0.024 0.214 0.005
GPT-4 Mini Few-shot  0.227 0.322 0.137 0.155 —
GPT-4 Mini CoT 0.359 0.438 0.152 0.161 GPT-4 Mini Default 0.031 0.252 0.011
Claude Haiku 4.5 Default 0314 0.383 0.183 0.254 GPT-4 M%m One-shot 0.028 0.243 0.013
Claude Haiku 45 One-shot  0.261 0311 0.175 0.172 GPT-4 Mini Few-shot 0.032 0.294 0.021
Claude Haiku 4.5 Few-shot 0.311 0.391 0.196 0.233 GPT-4 Mini CoT 0.024 0.250 0.008
Claude Haiku 4.5 CoT 0356 0.435 0.203 0.275 -
Comimi3 Pl Default v e o201 230 Claude Haiku 4.5 Default 0.104 0.353 0.042
emini as. efau. . . . .. .
Gemini3Flash ~ One-shot  0.285 0.325 0.194 0.205 Claude Haiku 4.5 One-shot 0.081 0.301 0.047
Gemini3Flash ~ Few-shot 0354 0.427 0.193 0.199 Claude Haiku 4.5  Few-shot 0.091 0.324 0.061
Gemini 3 Flash CoT 0.422 0.493 0.191 0.198 Claude Haiku 4.5 CoT 0.082 0.325 0.037
Gemini 3 Flash Default 0.100 0.353 0.040
Gemini 3 Flash One-shot 0.071 0.304 0.029
examples may be more helpful than reasoning for smaller local Gemini 3 Flash ~ Few-shot 0.090 0.326 0.034
Gemini 3 Flash CoT 0.101 0.346 0.047

models.

Finally, exception-type recommendation remains challenging.
The gap between Exact and Hierarchy Accuracy suggests that mod-
els often identify semantically related exception classes but fail to

redict the precise developer-selected type.

Summary: LLMs showed limited effectiveness in recom-
mending precise exception types. Gemini 3 Flash achieved the
highest Exact and Hierarchy Accuracy, while Claude Haiku
4.5 obtained the best F1-based scores.

3.4 RQ,: How effectively can LLMs generate
complete exception handling blocks?

Table 5 presents the results for the exception handler generation
task. Overall, the proprietary models achieved the highest observed
values, though open-source models also performed competitively.
Among all evaluated LLMs, Claude Haiku 4.5 (Default) achieved the
highest lexical and structural similarity to the reference code, with
CrystalBLEU (0.104) and Jaccard Similarity (0.353) scores. Gemini 3
Flash followed closely, particularly under CoT prompting, achieving
CrystalBLEU = 0.101 and Jaccard = 0.346.

GPT-4 Mini produced intermediate effectiveness overall under
Few-shot prompting (CrystalBLEU = 0.032; Jaccard = 0.294; Ex-
act Match = 0.021), although the results were lower than those of
Claude and Gemini. Regarding open-source models, Phi-4 substan-
tially outperformed CodeLlama across all metrics and achieved the
highest effectiveness under Few-shot prompting, with CrystalBLEU
=0.032, Jaccard = 0.268, and Exact Match = 0.026. Phi-4 matched or
slightly exceeded GPT-4 Mini on CrystalBLEU in selected settings,
reinforcing the low-cost-alternative pattern observed for RQ3 (§3)
The Exact Match metric showed that the best models reproduced
the reference exception handler exactly in 4-6% of the evaluated
cases. Although exact replication remained difficult, these results
indicate that LLMs can occasionally generate code equivalent to
developer-written implementations.

Syntax validity varied across prompting strategies. More than
99% of handlers generated with one-shot and few-shot prompts
were syntactically valid, whereas validity decreased under the de-
fault and CoT settings; for example, GPT-4 Mini achieved 60.2%
validity with CoT prompting. Invalid outputs commonly contained
malformed code or Markdown artifacts, suggesting that examples
improved adherence to the expected format. Because invalid han-
dlers were retained in all evaluations, these errors may also have
contributed to lower lexical-similarity scores and human ratings.
Detailed results are reported in the supplementary material [12].

Moreover, Figure 3 presents the human evaluation results using
a five-point Likert scale, in which raters assessed the semantic sim-
ilarity and logical coherence of generated except blocks relative to
the reference implementations. Overall, ratings were concentrated
at scores 1 and 2, indicating that the generated exception han-
dling code was often perceived as weakly aligned with the human-
written references. Across models, low-similarity ratings (scores
1-2) accounted for approximately 70%-93% of all evaluations. Inter-
rater agreement, measured using Krippendorft’s alpha [17], was
0.60, indicating moderate agreement but remaining below the 0.667
threshold for tentative reliability. We therefore interpret the human
ratings as directional rather than definitive.

Among the evaluated models, Gemini 3 Flash achieved a more
consistent human assessment, with the lowest proportion of score
1 ratings (48.3%) and the highest overall distribution across higher
similarity levels (scores 4-5), totaling approximately 13%. Claude
Haiku 4.5 followed, with a more balanced distribution across scores
2-5, including visible proportions of high-similarity responses. In
contrast, CodeLlama exhibited lower similarity ratings, with 77% of
responses concentrated at score 1 and only marginal representation
in higher similarity levels (e.g., 7% at score 4). Similarly, GPT-4 Mini
and Phi-4 showed strong concentration in low-similarity ratings,
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Figure 3: Human evaluation of generated except blocks using a 5-point Likert scale. Each bar shows the percentage of ratings
assigned by evaluators for each model, where 1 indicates “Not Similar at All” and 5 indicates “Highly Similar or Identical”.

with 62% and 67% of responses scoring 1, respectively, and very
limited presence in scores 4 and 5.

These findings complement the automatic metrics in Table 5. Al-
though some models achieved competitive lexical similarity scores,
human raters consistently judged most generated handlers as weakly
aligned with the reference implementations. Nevertheless, Gem-
ini 3 Flash produced a non-negligible proportion of outputs that
were moderately to highly similar (approximately 30% of its ratings
were in the 3-5 range), indicating that LLMs can occasionally gen-
erate semantically meaningful exception handling code. Overall,
these results reinforce that lexical similarity alone is insufficient
to capture semantic adequacy, highlighting the need for human
evaluation, richer contextual inputs, or post-generation validation
when recommending exception handling mechanisms.

Summary: LLM-generated handlers showed limited align-
ment with developer-written code. Claude Haiku 4.5 achieved
the best automatic scores, while Gemini 3 Flash received the
strongest human ratings. Overall, generated handlers remain
unreliable without human validation.

3.5 RQs: What exception-related quality
violations are introduced by LLM-generated
exception handlers?

Table 6 presents the average number of exception-related Pylint
violations in generated and developer-written handlers, the per-
centage increase over the reference implementations (A), and the
statistical significance of that increase. Overall, all models generated
more violations than developer-written code, with an average of
0.166 violations per sample. Among them, Gemini 3 Flash produced
outputs with fewer exception-related quality violations (0.290), fol-
lowed by CodeLlama (0.305), GPT-4 Mini (0.331), Phi-4 (0.382), and

Claude Haiku 4.5 (0.388). All differences were statistically signifi-
cant (p < 0.05).

Although all models exceeded the reference baseline, Gemini 3
Flash showed a smaller increase, generating 74.7% more exception-
related quality violations than the reference handlers, followed by
CodeLlama, which showed an increase of 83.7%. In contrast, Phi-4
and Claude Haiku 4.5 showed a larger increase, with 130.1% and
133.7% more violations, respectively. These results show that greater
similarity to reference handlers does not necessarily imply better
exception handling quality. For example, although Claude Haiku 4.5
achieved the highest automatic generation scores in Task 4, it also
produced more exception-related quality violations. This suggests
that generated handlers should be evaluated not only for lexical
or structural similarity to reference implementations, but also for
adherence to exception handling quality guidelines.

Table 6: Average exception-related quality violations in gen-
erated handlers. Lower values are better.

Model Avg Violations GT Avg Violations A Violations (%) p < 0.05
Gemini 3 Flash 0.290 0.166 +74.7% v
CodeLlama 0.305 0.166 +83.7% v
GPT-4 Mini 0.331 0.166 +99.4% v
Phi-4 0.382 0.166 +130.1% v
Claude Haiku 4.5 0.388 0.166 +133.7% v
Average 0.339 0.166 +104.2% v

Table 7 provides a finer-grained view of these violations by
grouping them according to Pylint rule type. Violations were con-
centrated in two dominant categories: W0707 (Missing Exception
Chaining), with 1,277 cases, and W0718 (Broad Exception Catch-
ing), with 995 cases. W0707 occurs when a new exception is raised
without explicit chaining through the from keyword, which can
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obscure the original error context and hinder debugging, whereas
W0718 occurs when the broad Exception class is caught instead
of a more specific exception type, potentially masking unexpected
bugs and causing silent failures. In contrast, W0702 (Bare Except)
was rare, with only 27 occurrences, all generated by CodeLlama.
These results indicate that models generally avoid completely bare
except clauses but still frequently generate handlers that catch
overly generic exceptions or re-raise exceptions without preserving
the original context.

Summary: LLM-generated handlers produced 104.2% more
exception-related quality violations than developer-written
references on average. The most frequent violation types were
Missing Exception Chaining and Broad Exception Catching,
indicating that syntactically valid generated handlers may
still violate exception handling quality guidelines.

4 Implications

Implications for Developers and Tools. Our findings suggest
that LLMs are better suited to support exception handling within
human-in-the-loop workflows than autonomously generate excep-
tion handling tasks. More favorable results were observed for early-
stage tasks, namely detecting the need for exception handling and
localizing statements that should be enclosed in a try block, with
F-scores of 0.752 and 0.733, respectively. These capabilities could
support code review by highlighting potentially risky regions for de-
veloper inspection, where false positives primarily increase review
effort rather than directly alter the code. In contrast, exception-
type recommendation and handler generation remain challenging:
generated handlers often diverged from developer-written imple-
mentations and introduced 104.2% more exception-related quality
violations on average. Thus, directly adopting such outputs may
reduce exception handling quality, even when the generated code is
syntactically valid or lexically similar to the reference. LLM-based
tools should therefore follow a multi-stage workflow that identifies
risky regions, generates candidate handlers, and validates them
through static analysis, testing, and developer review. This work-
flow uses the strengths of LLMs while mitigating their limitations
in exception-type selection, handler generation, and code qual-
ity. These findings reinforce that LLMs are most effective within
a human-in-the-loop workflow. While they can help identify the
need for exception handling, generated exception handlers should
be treated as suggestions that require validation.

Implications for Researchers. Our findings suggest that excep-
tion handling is better studied as a sequence of distinct reasoning
tasks rather than as a single generation problem. The effective-
ness gap between detection and localization, on the one hand, and
exception-type recommendation and handler generation, on the
other, reinforces the value of this decomposition for both model de-
sign and evaluation. Notably, Claude Haiku 4.5 achieved the highest
CrystalBLEU score while producing 133.7% more exception-related
quality violations than the developer-written references. This diver-
gence shows that lexical similarity does not reliably reflect semantic
adequacy or exception-handling quality. Future research should
develop evaluation frameworks that jointly assess semantic cor-
rectness, exception-handling quality, and runtime behavior. Also,
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promising directions include integrating LLMs with static analysis,
API knowledge, and testing.

5 Threats to Validity

There are several potential threats to the validity of our results.

Prompt Engineering. Prompt construction and selection were
manually guided, which introduces potential bias and variability.
Different phrasing, ordering of examples, or contextual instructions
could influence model behavior. To mitigate this, we standardized
prompt templates through iterative refinement and evaluated mul-
tiple styles (default, one-shot, few-shot, and CoT) to capture vari-
ability. Moreover, we craft prompts using a separate dataset with a
specific LLM (ChatGPT) that is not used in our evaluation.

Selected Projects. Our dataset was derived from Python projects
such as LangChain, FastAPI, and Pytest, selected due to their active
maintenance and popularity. Although these projects represent
realistic and diverse use cases, they may not generalize to other
domains or programming languages.

Dataset Filtering. Our criteria retained 5.2% of the collected
functions, largely because most Python functions do not contain
exception handling (Peng et al. found usage between 6.74% to
16.36% [26]). Also, we excluded trivial functions (<5 executable
statements) and nested or incomplete handlers to provide sufficient
context and avoid ambiguous labels, respectively. However, these
filters may omit short functions or complex real-world patterns. Fu-
ture work should adopt stratified sampling by function size, handler
complexity, project, and exception type.

Conclusion Validity. The sample size and task definitions are
sufficient for exploratory analysis but may not support strong sta-
tistical generalization. We mitigated this by employing multiple
models and prompt styles, comparing across distinct evaluation met-
rics. Nevertheless, replication with larger datasets and alternative
model families (e.g., ChatGPT-5, Claude Opus) would corroborate
confidence in our conclusions.

6 Related Work

Prior automation of exception handling has progressed along four

lines: identifying missing API error-handling calls [1], detecting im-
proper exception messages [33], recommending exception types [37],
recommending where to handle an exception [13], and recommend-
ing complete exception-handling code [7, 24, 36]. Most of this work

has been evaluated on Java and relies on task-specific model train-
ing, leaving Python, which has a different exception model, essen-
tially untouched at the level of automated tooling.

Acharya and Xie [1] proposed a framework to automatically
mine API error-handling specifications from client code, identify-
ing 62 specifications and 264 real defects in open-source projects.
Xu and Zhong [33] introduced EXMINER, which detects inconsis-
tencies in thrown exceptions by mining and comparing patterns in
exception messages. Zhong [37] developed ThEx, a classifier that
predicts contextually appropriate exception types based on code
features, improving robustness and consistency.

Complementary studies have focused on where exceptions should
be handled. Jia et al. [13] presented EHAdvisor, which combines
static analysis and ranking algorithms to recommend optimal han-
dling locations, achieving up to 86% Top-1 accuracy. Similarly,
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Table 7: Detected Pylint violations by rule type across LLM-generated exception blocks.

Violation Type Claude Codellama Gemini GPT-4 Mini Phi-4 Total
W0707 — Missing Exception Chaining 236 250 230 217 344 1277
W0718 — Broad Exception Catching 147 173 168 285 222 995
WO0706 - Try Except Pass 205 13 41 0 13 272
W0702 - Bare Except 0 27 0 0 0 27
Total Violations 588 463 439 502 579 2571

Nguyen et al. [24] proposed FuzzyCatch, a fuzzy-logic-based tool
that predicts likely exceptions and suggests appropriate handling
code, attaining 77% accuracy in empirical evaluations.

Zhang et al. [36] proposed Learning to Handle Exceptions (L2HE),
a data-driven framework that learns exception handling practices
from large codebases. L2HE jointly predicts whether a try-catch
block is needed, localizes exception-prone code, and recommends
exception types. By using deep neural networks trained on Java
code, the authors demonstrated that learned representations can
capture exception handling semantics more effectively than rule-
based baselines. However, their evaluation was constrained to a
single programming language (Java) and required task-specific
model training from scratch, limiting reuse and generalization.

Building upon the same research line, Cai et al. [7] introduced
Neurex, a multi-tasking exception handling recommender that fine-
tunes CodeBERT to perform (1) try-catch necessity detection; (2)
try-block statement localization; and (3) exception type recom-
mendation. Neurex employs sequence chunking to capture depen-
dencies among API calls and exceptions, achieving f-scores above
70% across tasks and outperforming previous information-retrieval
(IR) baselines like FuzzyCatch and XRank. Its evaluation on over
5,700 Java projects demonstrated the benefits of using code-aware
transformers. However, it required extensive fine-tuning and task-
specific datasets, and remained limited to the Java ecosystem.

Recent research has explored the use of general-purpose Large
Language Models (LLMs) for software engineering tasks. Liu et al. [19]
showed that guiding ChatGPT with structured prompts can improve
code generation quality, while Jin et al. [15] proposed InferFix, a
transformer-based framework that integrates static analysis and
LLM reasoning for automatic bug repair. However, these studies
focus on general code synthesis or repair rather than the specialized
problem of exception handling reasoning.

Although prior studies [7, 18, 24, 36] established the feasibility
of neural models trained specifically for exception handling, and
systems such as L2HE, Neurex, FuzzyCatch, and EHAdvisor provide
important baselines for automated exception handling support, a
direct comparison with our study is not straightforward. These
approaches were designed and evaluated primarily in the Java
ecosystem, relying on language-specific assumptions such as Java
exception hierarchies, checked-exception semantics, API-call repre-
sentations, and specialized static-analysis or task-specific training
pipelines. Python differs from Java in its exception handling mech-
anisms, dynamic typing, and absence of checked exceptions, which
make adapting these tools to our benchmark a non-trivial engineer-
ing and methodological effort. Therefore, our study does not aim
to show that prompt-based LLMs outperform specialized exception

handling models. Instead, it complements this line of work by eval-
uating general-purpose LLMs without fine-tuning or task-specific
model training across four interpretable Python exception handling
tasks: necessity detection, try-block localization, exception-type
recommendation, and exception-handler generation. In this sense,
our work bridges the gap between fine-tuned neural models and
general-purpose LLM reasoning, characterizing the strengths and
limitations of prompt-based strategies.

7 Conclusion

This work provides empirical evidence on the use of Large Language
Models (LLMs) to support Python exception handling through
prompt-based strategies. Evaluating five open-source and propri-
etary models across four interpretable tasks—and complement-
ing handler generation with both human evaluation and a static-
analysis-based quality assessment—we find that LLMs are more
effective for early-stage reasoning tasks, such as detecting whether
exception handling is needed (best F-score 0.752) and localizing
statements that should be enclosed in a try block (best F-score
0.733). In contrast, exception-type recommendations and exception
handler generation remain more challenging, with low exact-match
rates, limited semantic alignment with developer-written handlers,
and a higher number of exception-related quality violations. These
findings indicate that prompt-based LLMs are better suited as ex-
ception handling assistants than as autonomous repair tools. As
future work, we plan to incorporate richer project context, such
as call graphs and dependency information, and investigate post-
processing strategies that combine LLM-generated code with static
analysis to improve the quality and reliability of generated handlers.

Artifact Availability

The replication package supporting this study is publicly available
on Zenodo [12]. It includes the curated dataset, prompt templates,
generated outputs, and scripts used for data processing and evalua-
tion. The artifact is distributed under the MIT License.
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