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Abstract
Static analysis tools report far more warnings than developers act on, and machine
learning is widely proposed to identify the actionable ones. Published comparisons
rarely include a simple label-based reference, and rarely report quality on unseen
projects together with compute time. This study compares five levels of model
complexity on two open datasets, NASCAR (Java) and AW4C (C): a warning-type
prior, a linear model on term frequency-inverse document frequency (TF-IDF)
features, a frozen code encoder, fine-tuned code encoders, and open-weight large
language models (LLMs) run locally. All models were scored on the same 1,000
warnings per dataset and protocol, using the Matthews correlation coefficient
(MCC) with project-level bootstrap intervals. Three findings emerged. First,
in the original AW4C release the number of lines in the supplied code context
predicted the label with an MCC of 0.91 on unseen projects, and fine-tuned
CodeBERT reached 0.81; in a variant rebuilt with a uniform context window,
which also differs in composition, the corresponding values were 0.12 and 0.30.
Second, on unseen NASCAR projects an advantage of fine-tuned encoders over
the warning-type prior was not established: the paired difference in MCC was
−0.08 (95% CI −0.21 to 0.02) for CodeBERT. Third, locally run LLMs without
task-specific training scored near zero on NASCAR with the default threshold and
required about 47 times the mean processing time of a fine-tuned encoder. Model
complexity should be assessed against a simple reference under cross-project
evaluation.

Keywords: static analysis, actionable warnings, code language models,
large language models, cross-project evaluation, shortcut learning

1. Introduction

Static analysis tools inspect source code without running it and report potential defects, security weaknesses,
and violations of coding rules. Their practical weakness is volume. A project can receive thousands of
warnings, and reported shares of warnings on which developers do not act range from 35% to 91% [1, 2].
Warnings that are followed by a change of the code are called actionable. The label records observed developer
behaviour; a non-actionable warning is not necessarily false or useless. Automatic identification of actionable
warnings has therefore been studied for more than a decade, first with hand-crafted features and classifiers
ranging from support vector machines to feed-forward networks [3, 4], later with neural models trained on
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code [5, 6], and most recently with large language models (LLMs) [7, 8, 9, 10].

An engineer who has to deploy such a filter faces a choice that the literature does not settle. A rule, a
linear model, a fine-tuned compact encoder, and an LLM differ by orders of magnitude in compute time
and engineering effort. The more complex option is justified only if it is more accurate in the conditions of
deployment. Three gaps make this judgement difficult.

The first gap concerns evaluation on new projects. A filter is most valuable when a project has no labelled
history of its own, which means that the model must work on code it has not seen. Many studies split
warnings at random, so that training and test data come from the same projects. Cross-project results have
been reported for fine-tuned encoders [6] and for a sentence-transformer model [11], but without a rule-based
reference measured on the same items. Kang et al. showed that earlier, very high scores for actionable warning
identification were produced by data leakage and duplicates [2]. Similar problems have been documented for
vulnerability detection datasets [12, 13, 14].

The second gap concerns the reference point. Comparisons usually set one learned model against another. A
prior that uses only the type of the warning is learned from labels, does not read code, and runs in a negligible
fraction of the time of any other model; it is rarely reported. Without it, a reader cannot tell how much of a
model’s score depends on reading code.

The third gap concerns cost. Studies of LLM-based triage report the price of LLM calls [8, 9, 10], and studies
of compact models report accuracy [6], but the two are seldom measured on the same items and the same
hardware. The closest study, from the group that built the NASCAR dataset, compared a sentence-transformer
model with a commercial LLM, which was evaluated with few-shot prompts on 100 warnings, and did not
report cost [11].

This study addresses the three gaps with a single controlled comparison. It asks four questions. RQ1: how
does quality change along a ladder of model complexity, from a rule to a locally run LLM? RQ2: how much
quality is lost on projects that were absent from training, and does greater complexity reduce the loss? RQ3:
how much compute time does each rung require per warning, and at what volume does the total compute time
of a fine-tuned encoder fall below that of an LLM? RQ4: does a cascade, in which an encoder passes its least
confident cases to an LLM, improve the balance of quality and cost?

The study makes three contributions. It documents that the length of the code context distributed with the
AW4C dataset predicts the label, and it describes a variant of the dataset with uniformly extracted context. It
reports a comparison of five levels of model complexity under within-project and cross-project evaluation on
identical test items, with a simple label-based reference and paired project-level uncertainty. It reports mean
processing time for every rung on one machine and the volume at which the compute time of a fine-tuned
encoder and an LLM is equal. All experiments used open data, open-weight models, and one consumer-grade
computer.

2. Related work

Actionable warning identification

A survey by Ge et al. organizes the field along a workflow of dataset preparation, preprocessing, model
construction, and evaluation [1]. Yang et al. reported that the task appeared intrinsically easy, since simple
learners reached very high scores [3]. Kang et al. traced those scores to leaked features and duplicated records,
and after correction the same learners performed far worse [2]. Yedida et al. revisited the corrected data with
tuned learners and again reported high scores [4]. Xue et al. argued that an actionable label inferred from the
disappearance of a warning is itself noisy [15]. This history motivates the checks for shortcuts applied in the
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present study.

Datasets

NASCAR contains more than one million warnings raised by PMD and SpotBugs on Java projects selected
from GitHub; its authors report 102 selected projects, and 92 projects are present in the released data by
our count. A warning is labelled actionable when its context was changed in the following commit and the
warning no longer appears there [16]. AW4C contains warnings raised by Cppcheck on C projects, labelled by
commit-aware tracking [17]. D2A labels warnings of the Infer analyzer by differential analysis of bug-fixing
commits [18]. SastBench targets agentic triage of security findings [19].

Compact encoders for code

CodeBERT [20], GraphCodeBERT [21], CodeT5 [22], and UniXcoder [23] are pre-trained models whose
released base versions have roughly 125 to 220 million parameters. Ge et al. fine-tuned such models for
actionable warning identification on Java warnings and found them feasible, without an LLM comparison or
cost measurements [6].

LLMs for warning triage

Several systems pair a static analyzer with an LLM that confirms or rejects its findings, and supply code
context obtained by slicing, data-flow extraction, or retrieval of definitions on request [8, 24, 25, 26, 27]. Wen
et al. inspected thousands of warnings with an LLM [7]. Du et al. reported an industrial study with a cost
between 0.0011 and 0.12 US dollars per warning on a proprietary dataset [9]. Xiong and Zhang compared
LLM agents on the OWASP Benchmark and on alerts from real-world projects [10].

Compact models against LLMs

In vulnerability detection, fine-tuned compact models exceeded prompted LLMs in several studies [28, 29].
A multi-language benchmark found that compact models were better for Java and JavaScript and worse for
Python [30], and an evaluation on recent vulnerabilities found both trained models and prompted LLMs
unreliable [31]. In the detection of self-admitted technical debt, ChatGPT achieved higher recall and small
models higher precision, and their combination performed best [32]. The superiority of fine-tuned models
is therefore not claimed as new here. The present study differs in the task, in the inclusion of a rule-based
reference, in cross-project evaluation, and in the measurement of compute time.

Cost-aware model selection

FrugalGPT, RouteLLM, and Hybrid LLM route queries between cheaper and more expensive LLMs [33, 34,
35]. FrugalGPT cascades LLMs, whereas RouteLLM and Hybrid LLM select one LLM before the query
is answered; in all three, every candidate is an LLM. The cascade examined here starts from a fine-tuned
encoder.
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3. Materials and methods

3.1. Study design

Figure 1 summarizes the design. Two datasets were prepared with two evaluation protocols each. Five rungs
of model complexity were scored on the same test warnings. Rungs 0 to 3 were trained on the same sample of
training warnings; the conditions that differed between rungs are listed in Table 2. The primary outcome was
the Matthews correlation coefficient (MCC) on unseen projects.

Figure 1. Study design. Two open datasets, two evaluation protocols, five rungs of model complexity, and the outcomes
measured for every rung.

3.2. Datasets

NASCAR

The deduplicated release contains 1,083,073 warnings [16]. A small number of projects contribute most
records, so at most 3,000 warnings per project were sampled, which left 246,583 warnings. The release stores
complete source files. For every warning, the warned lines together with five lines before and five lines after
were extracted. Records with identical warning type, message, and context were merged, and 94 records with
contradictory labels were removed. The final set contains 246,475 warnings.

AW4C

The release contains 85,640 warnings with a code context field [17]. Removing records with identical type,
message, and context left 71,869 warnings. This set is referred to as AW4C original. Section 4.1 shows
that its context field leaks the label. A variant with uniformly extracted context, AW4C-U, was therefore
built. It is not a corrected benchmark: it differs from the original in the warnings and projects retained and
in the data split. Up to 150 warnings per project were sampled (34,481 warnings in 15,931 files). Each
file was downloaded from its public repository at the commit in which the warning was reported; when the
file could not be retrieved at that commit, the child commit recorded in the dataset was used. The warned
line with five lines before and five lines after was extracted. The reporting commit supplied the code for
all actionable warnings and for 43.3% of non-actionable warnings; the child commit supplied the rest. The
extracted window contained at least one line of the originally distributed context for 99.8% of actionable
and 77.8% of non-actionable warnings. Warnings that came from the reporting commit and whose window
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overlapped the original context are called verified (19,700 warnings); they were used in a sensitivity analysis.
Source code was retrieved for 99.1% of actionable and 93.2% of non-actionable warnings. After removal of
duplicates the set contains 32,632 warnings from 561 projects. Table 1 describes the three sets. The share of
actionable warnings varied widely between projects: among projects with at least 100 warnings the median
share was 6% in the NASCAR release and 53% in the AW4C release. The D2A dataset [18] was inspected
but not used, because only a reduced release with hidden test labels could be obtained.

Table 1. Datasets after preparation. Train and test sizes refer to the cross-project protocol.

Dataset Language Analyzer Warnings Projects Warning
types

Actionable
(%)

Train /
test

Test
projects

NASCAR Java PMD,
SpotBugs

246,475 92 406 16.5 172,774 /
47,277

16

AW4C
original

C Cppcheck 71,869 568 229 45.8 50,369 /
14,311

108

AW4C-U C Cppcheck 32,632 561 210 50.0 22,857 /
6,379

112

3.3. Evaluation protocols

In the within-project protocol, the warnings of every project were divided at random into training (70%),
development (10%), and test (20%) parts, stratified by label. In the cross-project protocol, whole projects were
assigned to the three parts in the same proportions, so that no test project contributed any training example.
For each dataset and protocol, 3,000 test warnings were drawn at random, and 1,000 of them formed the
core evaluation set. Every model was scored on these 1,000 warnings. On NASCAR the core set covered 16
projects under the cross-project protocol and 92 under the within-project protocol, and 17% of its warnings
were actionable. On AW4C-U it covered 89 and 349 projects, with 54% actionable. The core sets of the two
protocols contain different warnings, so differences between protocols are descriptive. The within-project
split is random and does not follow time. The random seed for all splits was fixed before any model was
trained.

3.4. Model ladder

Rung 0, warning-type prior

The score of a warning is the smoothed share of actionable warnings among training warnings of the same
type. The prior is estimated from labelled data and does not read code. It is referred to below as the rule.

Rung 1, linear model

Unigram and bigram TF-IDF features of the tool name, warning type, severity, message, and code context
were passed to logistic regression with balanced class weights, implemented in scikit-learn [36]. A variant
without the code context was fitted as well.

Rung 2, frozen encoder

UniXcoder [23] produced mean-pooled embeddings without any update of its weights. Logistic regression
was fitted on standardized embeddings.
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Rung 3, fine-tuned encoder

CodeBERT [20] and UniXcoder were fine-tuned with a linear classification layer on mean-pooled output for
two epochs, with a batch size of 32, a learning rate of 2e-5, linear warm-up over 6% of steps, class-weighted
cross-entropy, and a maximum input length of 200 tokens.

Rung 4, local LLM

Qwen2.5-Coder [37] with 7 and 14 billion parameters was run locally through Ollama in 4-bit quantized form.
The prompt defined the two classes and supplied the tool, language, rule, message, and code context. The
model returned a single letter. The probability of the actionable class was computed from the log-probabilities
of the first generated token. The system prompt read: “You triage warnings produced by a static code analysis
tool. A warning is ACTIONABLE if developers are likely to change the code so that the warning disappears.
It is NON-ACTIONABLE if developers are likely to leave the code as it is. Answer with exactly one letter:
A for actionable, N for non-actionable.” Generation used a temperature of zero and a context window of
4,096 tokens. The zero-shot variant contained no examples. The few-shot variant contained three actionable
and three non-actionable training examples, the same for every test warning. The few-shot examples were
drawn from the complete training part. The main comparison uses the default decision threshold of 0.5, which
requires no labels. In a separate analysis the threshold was adapted by two-fold cross-fitting on the core set:
the threshold that maximized MCC on one half was applied to the other half. Both halves contain warnings of
the test projects, so this analysis represents adaptation with 500 labelled warnings of the target projects and is
not a test of transfer to projects without labels. Its results are marked in Table 3.

All rungs received the same fields: the tool name, warning type, severity, and message, followed by the
code context. NASCAR does not record severity, so the field was empty. Encoder inputs were truncated
to 200 tokens, which shortened the code context in about 45% of NASCAR inputs and 27% of AW4C-U
inputs; the linear model and the LLMs read the complete window. Rungs 0 to 3 were trained on the same
16,000 training warnings per dataset and protocol, drawn at random from the training part. For rungs 0 to 3,
the decision threshold maximized MCC on the development part. The rule and the linear models used the
complete development part, the fine-tuned encoders at most 5,000 of its warnings, and the frozen encoder at
most 3,000. Fine-tuning used one random seed. Table 2 lists the rungs and the conditions of each.

Table 2. Model ladder, training conditions, and training time. Training time was measured on NASCAR under the
cross-project protocol. Parameter counts were obtained from the fitted or released models.

Rung Model Parameters
updated

Training
warnings

Warnings for
threshold selection

Training time
(s)

0 Warning-type prior One value per
warning type

16,000 Complete
development part

0.004

1 TF-IDF + logistic
regression, message only

8,334 16,000 Complete
development part

0.26

1 TF-IDF + logistic
regression, message and
code

102,096 16,000 Complete
development part

1.27

2 Frozen UniXcoder +
linear layer

769 of 126 million 16,000 At most 3,000 139

3 Fine-tuned CodeBERT 125 million 16,000 At most 5,000 1082
3 Fine-tuned UniXcoder 126 million 16,000 At most 5,000 1094
4 Qwen2.5-Coder 7B and

14B
None 0, or 6 examples

in the prompt
None (threshold 0.5) 0
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3.5. Shortcut probe

To test whether the form of the code context reveals the label, a decision tree of depth four was trained on a
single feature, the number of lines in the context. A probe that performs well indicates that a model can score
highly without reading the code [38].

3.6. Outcomes and uncertainty

The primary outcome was MCC, which remains informative under class imbalance [39]. The F1 score and
the area under the receiver operating characteristic curve (AUC) were secondary outcomes. Uncertainty was
estimated with a percentile bootstrap of 2,000 draws in which whole projects were resampled with replacement,
because warnings of one project are not independent. Differences between two models were estimated on the
same resampled projects, and the interval of the paired difference is reported; overlap of the intervals of two
separate models was not used as a test. All intervals are conditional on the fitted models and on the single
data split.

3.7. Compute time and cascade

All computation ran on one Apple M4 Pro computer with 24 GB of memory. Encoders and LLMs used the
graphics processor; rungs 0 and 1 used the central processor. For rungs 0 and 1, prediction of the 1,000 core
warnings, including feature extraction, was repeated 21 times and the median was taken. For the encoders,
time was recorded during the evaluation pass over up to 15,000 warnings, in batches of 32 for fine-tuned
encoders and 64 for the frozen encoder. The LLMs processed the 1,000 core warnings one at a time. The
reported quantity is the mean processing time per warning in the stated mode on this computer; for batched
models it is not the latency of a single request. With fixed training time F and inference time v per warning,
the total time for n warnings is F + vn. The break-even volume between a fine-tuned encoder and an LLM
is the n at which the two totals are equal. The break-even volume refers to compute time only. It does not
include development, labelling, maintenance, or the cost of errors, and it is not an estimate of financial return.

In the cascade, fine-tuned CodeBERT scored every warning. A fraction f of warnings with scores closest to
the decision threshold was passed to the few-shot 7B LLM with calibrated threshold, whose decision replaced
that of the encoder. The time of the cascade was calculated as the encoder time plus the deferred fraction
multiplied by the mean LLM time; it was not measured end to end.

4. Results

4.1. Context length predicts the label in AW4C

In AW4C original, 98.3% of non-actionable warnings had a context of exactly five lines, against 10.5% of
actionable warnings, whose context ranged from one line to 5,155 lines (Figure 2a). The shortcut probe,
which sees only the number of lines, reached an MCC of 0.91 (95% CI 0.85 to 0.94) on unseen projects.
Fine-tuned CodeBERT reached 0.81 (95% CI 0.75 to 0.86) and fine-tuned UniXcoder 0.85 (95% CI 0.80 to
0.90). Neither encoder exceeded the probe. The linear model, whose tokenizer discards line breaks, reached
0.25. The dataset paper states that the context is derived from the changes around the warning in the commit
difference [17], which may explain why its form depends on whether the code was later changed.

In AW4C-U, the mean context length was 10.8 lines for non-actionable and 10.9 lines for actionable warnings.
On AW4C-U the probe scored 0.12 (95% CI 0.06 to 0.17) and fine-tuned CodeBERT 0.30 (95% CI 0.22 to
0.38) (Figure 2b). The two datasets differ in more than the context window: the cross-project core sets share
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only a small number of warnings, and the split was drawn anew. The lower scores on AW4C-U therefore
cannot be attributed to context length alone, and the experiment does not show which property of the original
context the encoders used. On NASCAR, where context was extracted uniformly from the start, the probe
scored −0.02 across projects and 0.10 within projects. The result for AW4C original shows that the form of
the context field is sufficient to predict the label.

Uniform extraction reduced the predictive value of length, but it did not make the two classes fully comparable,
because the source commit differed between classes (Section 3.2) and the line number of the reporting commit
was applied to the child commit without alignment. On the 648 verified warnings of the cross-project core set,
MCC was 0.22 for the rule, 0.23 for the linear model, 0.24 for CodeBERT, and 0.40 for the few-shot LLM,
against 0.25, 0.30, 0.30, and 0.29 on the complete core set. The LLM values refer to the adapted threshold.
The verified subset contains 83% actionable warnings against 54% in the complete core set, and overlap of a
line does not prove that the window is centred on the warning, so this check is indicative only. No trained
model approached the scores obtained on AW4C original. Results on AW4C-U are treated as secondary
evidence, and all further results for C code refer to AW4C-U.

Figure 2. Context length and the label in AW4C. (a) Distribution of the number of context lines by class in the original
release; the horizontal axis is truncated at 20 lines. (b) MCC on unseen projects for AW4C original and for AW4C-U.

The two datasets differ in composition and split, so panel (b) is a comparison of two dataset variants and not a
controlled before-and-after experiment.

4.2. Quality along the ladder (RQ1)

Table 3 and Figure 3 report all rungs. Under the within-project protocol, quality on NASCAR rose from the
rule (0.34) and the message-only linear model (0.37) to the linear model with code (0.46) and to the fine-tuned
encoders (0.51 for CodeBERT and 0.58 for UniXcoder). The frozen encoder scored 0.35, a paired difference
from the rule of 0.01 (95% CI −0.11 to 0.14). On AW4C-U, the within-project MCC was 0.17 for the rule,
0.44 for the linear model, 0.30 for the frozen encoder, and 0.40 for fine-tuned CodeBERT.
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The locally run LLMs had the lowest scores on NASCAR. With the default threshold, the zero-shot models
labelled 98% (7B) and 99% (14B) of warnings actionable, and MCC on unseen projects was −0.04 (95% CI
−0.11 to 0.01) and −0.08 (95% CI −0.17 to 0.01); the few-shot 7B model reached 0.09 (95% CI 0.04 to 0.14).
The AUC of the LLMs on NASCAR ranged from 0.45 to 0.62. With the threshold adapted on warnings of the
test projects, MCC on NASCAR did not exceed 0.14. On AW4C-U the 7B model reached 0.19 (95% CI 0.10
to 0.27) zero-shot and 0.16 (95% CI 0.08 to 0.24) few-shot on unseen projects with the default threshold, and
0.29 (95% CI 0.20 to 0.37) few-shot with the adapted threshold. Every LLM answer was a valid class letter.
Table 3. Results on 1,000 test warnings per protocol. Mean time per warning refers to the cross-project protocol and to
the mode of operation described in Section 3.7. Intervals describe single models and are not intervals of differences.
Rows marked † use an LLM threshold adapted on labelled warnings of the test projects and are not comparable with the

other rows as a test of transfer. (a) NASCAR (Java).

Rung Model Within: MCC (95% CI) Within:
AUC

Cross: MCC (95% CI) Cross:
AUC

Mean time per
warning (ms)

0 Warning-type prior 0.34 (0.23 to 0.44) 0.71 0.34 (0.24 to 0.44) 0.69 0.00006
1 TF-IDF + logistic

regression, message only
0.37 (0.26 to 0.47) 0.72 0.36 (0.24 to 0.46) 0.69 0.009

1 TF-IDF + logistic
regression, message and
code

0.46 (0.34 to 0.54) 0.83 0.25 (0.16 to 0.35) 0.69 0.048

2 Frozen UniXcoder +
linear layer

0.35 (0.23 to 0.43) 0.77 0.15 (0.05 to 0.25) 0.65 9

3 Fine-tuned CodeBERT 0.51 (0.38 to 0.59) 0.86 0.26 (0.11 to 0.38) 0.69 8
3 Fine-tuned UniXcoder 0.58 (0.43 to 0.67) 0.89 0.25 (0.12 to 0.38) 0.69 9
4 Qwen2.5-Coder 7B,

zero-shot
−0.01 (−0.07 to 0.04) 0.47 −0.04 (−0.11 to 0.01) 0.50 399

4 Qwen2.5-Coder 7B,
few-shot

0.00 (−0.06 to 0.06) 0.45 0.09 (0.04 to 0.14) 0.62 425

4 Qwen2.5-Coder 14B,
zero-shot

−0.02 (−0.10 to 0.05) 0.51 −0.08 (−0.17 to 0.01) 0.55 837

4† Qwen2.5-Coder 7B,
zero-shot, adapted
threshold

0.01 (−0.05 to 0.07) 0.47 0.07 (0.00 to 0.13) 0.50 399

4† Qwen2.5-Coder 7B,
few-shot, adapted
threshold

−0.08 (−0.16 to 0.00) 0.45 0.09 (0.01 to 0.16) 0.62 425

4† Qwen2.5-Coder 14B,
zero-shot, adapted
threshold

0.07 (0.01 to 0.13) 0.51 0.14 (0.04 to 0.22) 0.55 837
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(b) AW4C-U (C, uniform context).

Rung Model Within: MCC (95%
CI)

Within:
AUC

Cross: MCC (95% CI) Cross:
AUC

Mean time per
warning (ms)

0 Warning-type prior 0.17 (0.10 to 0.23) 0.64 0.25 (0.16 to 0.35) 0.66 0.00006
1 TF-IDF + logistic

regression, message only
0.33 (0.28 to 0.39) 0.73 0.25 (0.17 to 0.32) 0.68 0.009

1 TF-IDF + logistic
regression, message and
code

0.44 (0.38 to 0.50) 0.81 0.30 (0.22 to 0.38) 0.69 0.044

2 Frozen UniXcoder + linear
layer

0.30 (0.24 to 0.36) 0.71 0.17 (0.07 to 0.27) 0.62 10

3 Fine-tuned CodeBERT 0.40 (0.34 to 0.46) 0.77 0.30 (0.22 to 0.38) 0.70 12
4 Qwen2.5-Coder 7B,

zero-shot
0.12 (0.05 to 0.19) 0.54 0.19 (0.10 to 0.27) 0.59 343

4 Qwen2.5-Coder 7B,
few-shot

0.09 (0.03 to 0.16) 0.58 0.16 (0.08 to 0.24) 0.64 464

4† Qwen2.5-Coder 7B,
zero-shot, adapted
threshold

0.09 (0.03 to 0.15) 0.54 0.18 (0.10 to 0.26) 0.59 343

4† Qwen2.5-Coder 7B,
few-shot, adapted threshold

0.10 (0.04 to 0.16) 0.58 0.29 (0.20 to 0.37) 0.64 464

Figure 3. MCC along the model ladder under two protocols. Points are estimates on 1,000 test warnings; bars are 95%
bootstrap intervals over projects for single models, not intervals of differences. LLMs use the default threshold of 0.5.

(a) NASCAR. (b) AW4C-U. A model absent from a panel was not run on that dataset.

4.3. Loss of quality on unseen projects (RQ2)

On NASCAR, the models that read code scored lower on unseen projects than within projects. The difference
between the two protocols was 0.20 for the linear model with code, 0.21 for the frozen encoder, 0.25 for
CodeBERT, and 0.33 for UniXcoder. The rule scored 0.34 within projects and 0.34 across projects, and the
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message-only linear model 0.37 and 0.36. The two protocols were evaluated on different warnings, so these
differences describe the protocols and do not isolate the effect of removing projects from training.

Table 4 reports paired differences from the rule on unseen projects. On NASCAR the difference was −0.08
(95% CI −0.21 to 0.02) for CodeBERT, −0.09 (95% CI −0.22 to 0.01) for UniXcoder, −0.09 (95% CI −0.17
to 0.01) for the linear model with code, and 0.02 (95% CI −0.07 to 0.09) for the message-only linear model.
An advantage of the encoders over the rule was therefore not established in this experiment. The result does
not demonstrate equivalence of the models or superiority of the rule. Within NASCAR projects, the paired
difference from the rule was 0.17 (95% CI 0.05 to 0.28) for CodeBERT and 0.24 (95% CI 0.11 to 0.36) for
UniXcoder.

On AW4C-U, the difference between protocols was 0.14 for the linear model with code, 0.13 for the frozen
encoder, and 0.10 for CodeBERT. On unseen projects the paired difference from the rule was 0.05 (95% CI
−0.07 to 0.17) for CodeBERT and 0.05 (95% CI −0.04 to 0.12) for the linear model with code.
Table 4. Paired differences in MCC on unseen projects. Each model is compared with the warning-type prior on the
same 1,000 warnings, with 2,000 bootstrap draws of projects applied to both models. LLMs use the default threshold.
Cascade rows compare the cascade with fine-tuned CodeBERT alone; the deferred warnings are decided by the few-shot

7B LLM with adapted threshold.

Model NASCAR: difference from the
prior (95% CI)

AW4C-U: difference from the
prior (95% CI)

TF-IDF + logistic regression, message only 0.02 (−0.07 to 0.09) −0.01 (−0.06 to 0.05)
TF-IDF + logistic regression, message and
code

−0.09 (−0.17 to 0.01) 0.05 (−0.04 to 0.12)

Frozen UniXcoder + linear layer −0.19 (−0.31 to −0.09) −0.08 (−0.20 to 0.03)
Fine-tuned CodeBERT −0.08 (−0.21 to 0.02) 0.05 (−0.07 to 0.17)
Fine-tuned UniXcoder −0.09 (−0.22 to 0.01) not run
Qwen2.5-Coder 7B, zero-shot −0.38 (−0.50 to −0.27) −0.07 (−0.17 to 0.05)
Qwen2.5-Coder 7B, few-shot −0.25 (−0.37 to −0.15) −0.09 (−0.22 to 0.04)
Qwen2.5-Coder 14B, zero-shot −0.42 (−0.54 to −0.29) not run
Cascade, 10% deferred, against CodeBERT
alone

0.03 (−0.02 to 0.07) 0.01 (−0.02 to 0.04)

Cascade, 30% deferred, against CodeBERT
alone

−0.10 (−0.22 to 0.04) 0.05 (−0.01 to 0.11)

Cascade, 50% deferred, against CodeBERT
alone

−0.14 (−0.25 to −0.00) 0.04 (−0.02 to 0.11)

4.4. Compute time (RQ3)

Mean processing time per warning spanned about seven orders of magnitude (Figure 4a). On NASCAR
the rule needed 0.00006 ms, the message-only linear model 0.009 ms, the linear model with code 0.048
ms, fine-tuned CodeBERT 8.4 ms, the zero-shot 7B LLM 399 ms, the few-shot 7B LLM 425 ms, and the
14B LLM 837 ms. CodeBERT needed about 177 times the time of the linear model with code. Relative to
CodeBERT, the LLMs needed about 47 times (7B zero-shot), 51 times (7B few-shot), and 100 times (14B)
the time. Fine-tuning an encoder took between 18 and 27 minutes across runs; one further run, interrupted by
system sleep, was excluded from this range. With the NASCAR measurements, the total compute time of
fine-tuned CodeBERT and of the zero-shot 7B LLM was equal at 2,768 warnings (Figure 4b), and with the
longest training time at about 4,113. This break-even point compares two systems of different quality and
covers compute time only.
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Figure 4. Quality and compute time. (a) MCC on unseen projects against mean processing time per warning on one
computer. Encoders were timed in batches and LLMs one warning at a time. Shown are the rule, both linear models,
the frozen encoder, fine-tuned CodeBERT, and the zero-shot LLMs with the default threshold; fine-tuned UniXcoder
and the few-shot LLM are omitted, so the panel is not a complete frontier. Labels refer to NASCAR points. (b) Total
compute time in hours, training plus processing, for the linear model with code, fine-tuned CodeBERT, and the zero-shot
7B LLM, from NASCAR measurements. The marked point is the equality of compute time under these conditions.

4.5. Cascade (RQ4)

A gain from passing the least confident warnings to the LLM was not established (Table 4). On NASCAR
under the cross-project protocol, MCC was 0.26 with no deferral, 0.29 with 10% deferred, 0.15 with 30%,
and 0.12 with 50%; the paired difference from the encoder alone was 0.03 (95% CI −0.02 to 0.07) at 10% and
−0.14 (95% CI −0.25 to −0.00) at 50%. On AW4C-U the corresponding MCC values were 0.30, 0.31, 0.35,
and 0.35, with a paired difference of 0.05 (95% CI −0.01 to 0.11) at 30%. Under the within-project protocol,
the paired difference at 30% deferral was −0.22 (95% CI −0.29 to −0.14) on NASCAR and 0.01 (95% CI
−0.04 to 0.05) on AW4C-U. Each deferred tenth of warnings added a calculated 43 ms on NASCAR and 46
ms on AW4C-U to the mean time per warning.

4.6. Sensitivity to the amount of training data

The main comparison fixed the training budget at 16,000 warnings. When the linear model was trained on the
complete training part, its within-project MCC on NASCAR rose from 0.46 to 0.70, above both fine-tuned
encoders at the fixed budget. On unseen projects the additional data, which came from other projects, did not
help: MCC was 0.20 against 0.25 at the fixed budget. On AW4C-U the corresponding values were 0.50 against
0.44 within projects and 0.28 against 0.30 across projects. Training the linear model on the complete NASCAR
training part (Table 1) took less than one minute. More training data therefore improved within-project quality
and did not improve cross-project quality. The encoders were not trained on the complete training part, so
this analysis does not compare the rungs at a larger budget.
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5. Discussion

5.1. Principal findings

The study supports three conclusions. The first is methodological. A public dataset for actionable warning
identification contains a field whose form predicts the label. A score of 0.81 on unseen projects would
have looked like strong generalization, yet a single count of lines scored 0.91. The experiment does not
prove that the encoders relied on length and not on another property of the context. This is an instance of
shortcut learning [38]. It extends earlier reports of leakage in warning datasets [2] and of label and duplication
problems in vulnerability datasets [13, 40, 41] to a dataset published after those reports. The practical lesson
is to run a probe on the form of every input field before training a model on its content.

The second conclusion concerns proportionality between model and task. Within projects of NASCAR,
fine-tuned encoders scored higher than the rule. On unseen NASCAR projects, an advantage of any model that
read code over the rule was not established. One possible explanation is that the models learned conventions
of particular projects, such as which warnings a team tends to fix; the study did not test this explanation.
On AW4C-U the differences from the rule on unseen projects were small and their intervals included zero.
For an organization that introduces a filter in a project without labelled history, the warning-type prior is
a defensible first reference, and a more complex model should be preferred after it shows an advantage on
held-out projects.

The third conclusion concerns LLMs. Without task-specific training and with the default threshold, open-
weight models with 7 and 14 billion parameters scored near zero on NASCAR; adaptation of the threshold on
labelled warnings of the test projects raised MCC to at most 0.14. PMD raised 99.6% of the warnings in the
deduplicated release by our count, and PMD rules concern mainly code quality. Whether developers act on
such a warning may depend on team policy more than on the code. The result is consistent with the low score
of a commercial LLM reported on the same dataset [11]. On AW4C-U the LLM scores were closer to those
of the trained models. The findings apply to the evaluated models, prompt, and datasets and should not be
generalized to all LLMs or to all static analysis findings.

The sensitivity analysis adds a qualification. With enough labelled history of the same projects, the cheapest
learned model reached the highest within-project score in the study. Because the encoders were trained at the
smaller budget only, the study does not show whether they would gain as much from the same data. This
observation is compatible with earlier high scores obtained when training and test data came from consecutive
releases of the same projects [3], although those scores were later attributed largely to leakage and duplication
[2].

5.2. Implications for practice

The measurements suggest an order of evaluation. Start with the warning-type prior, which needs labelled
warnings and negligible compute. Add a linear model when labelled history of the same project exists.
Consider a fine-tuned encoder when cross-project validation shows a gain and the volume is large enough
for its training time to be recovered. Verify the benefit of an LLM on labelled data of the target setting
before use. The study predicts observed developer behaviour; it does not establish that warnings predicted as
non-actionable can be suppressed safely.

5.3. Limitations

The actionable label records that a warning disappeared, not that it was a true defect [15]. Conclusions about
false positives of security analyzers cannot be drawn from these data. NASCAR consists almost entirely of
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PMD warnings. Fine-tuning used 16,000 training warnings, two epochs, and one seed; larger budgets may
raise encoder scores, and seed variance was not measured. The intervals reflect sampling of projects and
test items only. The cross-project protocol used one assignment of projects, with 16 NASCAR test projects.
Commercial LLMs, larger open models, fine-tuned LLMs, and agents with program analysis tools were
outside the scope, so the results describe locally run models of moderate size with a plain prompt. Timing was
recorded on a consumer computer that was not dedicated to the experiment, the rungs were timed in passes of
different size and batching, and training time of the same model varied between runs, so the break-even volume
is approximate. The intervals for the adapted LLM threshold do not include the uncertainty of threshold
selection. Under the within-project protocol, the code window of 2.1% of NASCAR core warnings and 10.5%
of AW4C-U core warnings also occurred in the 16,000-warning training sample with a different warning.
The amount of development data used for threshold selection differed between rungs (Table 2). Context for
6.8% of non-actionable AW4C warnings could not be retrieved, which may bias AW4C-U if missing files
differ systematically. On AW4C-U the probe remained slightly above zero, because windows near the start or
end of a file are shorter. The source commit of the code differed between classes in AW4C-U, and about a
fifth of non-actionable windows did not overlap the originally distributed context; a model could in principle
exploit such differences, although the scores on the verified subset gave no sign of it. Pre-training data of the
models may include the evaluated projects.

5.4. Future work

Three extensions follow directly: repeated cross-project assignments with several seeds, fine-tuning of compact
LLMs with parameter-efficient methods, and evaluation on warnings with verified true-positive labels.

6. Conclusions

On the NASCAR dataset, fine-tuned code encoders scored higher than a warning-type prior within projects,
and an advantage over the prior was not established on unseen projects. Locally run LLMswithout task-specific
training scored near zero on NASCAR with the default threshold, at about 47 times the mean processing
time of a fine-tuned encoder for the 7B zero-shot model. In the original AW4C release, the length of the
supplied code context predicts the label, which can inflate the scores of models that read it; a variant with
uniformly extracted context gave much lower scores, although the two datasets differ in more than context
length. Comparisons of triage models should include a simple label-based reference, cross-project evaluation
with paired differences, a probe of the form of input fields, and compute time measured in a stated mode on
the same hardware.
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