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Abstract
Existing coding-agent benchmarks test func-
tional correctness—whether code runs and
returns expected outputs. Silent scientific
methodology bugs pose a different challenge:
they execute without error yet produce plausi-
ble, scientifically wrong results. We introduce
BIOSCIREVIEW-BENCH, a benchmark of 200
manually reviewed synthetic bioinformatics
code snippets (100 matched correct–buggy
pairs) spanning five domains and six bug cat-
egories. Each snippet is presented in isolation
without construction metadata; agents must de-
tect whether a bug exists, localize it to a spe-
cific displayed line, and classify it by type. We
evaluate six configurations across three model
families and two agent harnesses. All achieve
detection F1 of 0.94–0.99, but performance
drops with stricter requirements: joint local-
ization within three lines reaches 0.92–0.98 F1,
and full diagnosis requiring exact line plus cor-
rect category falls to 0.74–0.89 F1, a gap of
approximately 10–23 percentage points below
detection. Filtering and quality-control bugs
have the lowest average Full Diagnosis@±3
success rate, and agents sometimes confuse
them with normalization errors. Detection per-
formance is high on this controlled benchmark,
while delivering actionable diagnoses remains
substantially harder.

1 Introduction

Computational biology depends on complex anal-
ysis pipelines where a single methodological
error—applying the wrong normalization, omit-
ting a multiple-testing correction, or leaking test
labels into training features—can silently propa-
gate through downstream results. Unlike func-
tional bugs that crash or produce obviously wrong
output, these silent scientific methodology bugs
execute successfully and generate results that look
reasonable, making them difficult for both humans
and automated systems to catch. As bioinformat-
ics analyses grow in complexity and scale, the cost

of undetected methodology errors increases corre-
spondingly (Baker, 2016).

Coding agents powered by large language mod-
els have demonstrated strong performance on soft-
ware engineering tasks (Jimenez et al., 2024; Yang
et al., 2024), suggesting potential as automated
code reviewers for scientific software. How-
ever, existing benchmarks test agents against func-
tional correctness—resolving GitHub issues, pass-
ing test suites, or generating code that compiles
and returns correct outputs (Chen et al., 2021;
Austin et al., 2021; Hendrycks et al., 2021). These
tasks provide clear oracles: a failing test or a
wrong return value signals the bug. Silent method-
ology bugs lack such oracles: the code runs, the
output has the right shape and type, and deter-
mining whether the result is scientifically valid re-
quires domain reasoning about statistical assump-
tions, experimental design, and biological plausi-
bility.

We introduce BIOSCIREVIEW-BENCH, a
benchmark that directly tests this capability. The
benchmark consists of 200 manually reviewed
synthetic bioinformatics code snippets organized
as 100 matched pairs: each pair contains a method-
ologically correct snippet and a corresponding
buggy variant that introduces exactly one silent
methodology error. Snippets span five bioin-
formatics domains (bulk RNA-seq, single-cell
analysis, variant genomics, clinical/genomic ML,
and statistical genomics) and six bug categories
(incorrect normalization, wrong statistical test,
missing multiple-testing correction, sample mis-
match, data leakage, and incorrect filtering). The
evaluation is structured as a multi-level hierarchy:
agents must first detect whether a bug exists, then
localize it to a specific rendered line, and finally
classify it by category.

We evaluate six coding-agent configurations
spanning three backend families and two har-
nesses. All agents achieve detection F1 between
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0.94 and 0.99. But performance declines progres-
sively as the task demands more actionable output:
joint localization within three lines reaches 0.92–
0.98 F1, full diagnosis with approximate localiza-
tion reaches 0.87–0.96 F1, and full diagnosis re-
quiring exact line identification drops to 0.74–0.89
F1. The gap between detection and exact diagno-
sis ranges from approximately 10 to 23 percentage
points depending on the agent: the hard part of sci-
entific code review is not recognizing that some-
thing is wrong, but pinpointing exactly what and
where.

2 Related Work

Code review and bug detection benchmarks.
SWE-bench (Jimenez et al., 2024) and agent
frameworks built on it (Yang et al., 2024) evaluate
agents on resolving real GitHub issues, primarily
functional bugs with test-suite oracles. CodeRe-
viewer (Li et al., 2022) and related work (Tu-
fano et al., 2024) study automated code review
but focus on style, maintainability, and general
defects rather than scientific correctness. Hu-
manEval (Chen et al., 2021), MBPP (Austin et al.,
2021), and APPS (Hendrycks et al., 2021) test
code generation against functional specifications.
These benchmarks share a reliance on execution-
based oracles; BIOSCIREVIEW-BENCH targets
bugs that pass execution and require domain-level
reasoning to identify.

Scientific code quality and reproducibility.
Reproducibility problems are widely documented
across science (Baker, 2016; Ioannidis, 2005). In
bioinformatics, prior work has examined repro-
ducibility risks in genomic analyses (Baykal et al.,
2024) and documented spreadsheet-induced gene-
name corruption in published data (Ziemann et al.,
2016). However, to our knowledge, no systematic
benchmark evaluates AI systems on their ability to
detect a broad range of silent methodology bugs
directly in scientific code.

Agent evaluation. Recent work has expanded
agent evaluation beyond single-turn code gener-
ation to multi-step task completion (Liu et al.,
2024; Xie et al., 2024; Zhou et al., 2024), tool
use (Schick et al., 2023; Patil et al., 2023), and
domain-specific applications. BIOSCIREVIEW-
BENCH contributes to this direction by evaluating
agents as scientific code reviewers, a setting that
requires both programming competence and do-

main expertise.

3 BIOSCIREVIEW-BENCH

3.1 Task Definition

Given a single bioinformatics code snippet and
a statement of its scientific intent (e.g., “normal-
ize count-like feature measurements and identify
high-variance features”), an agent must produce
a structured JSON response containing: (1) De-
tection: whether a scientific methodology bug is
present; (2) Localization: the displayed rendered
line number of the root cause; (3) Classification:
the closest bug category (B1–B6 or null); and (4)
Rationale: a concise natural-language explana-
tion. Agents receive no information about whether
other snippets exist, whether the current snippet is
expected to be correct or buggy, or what distribu-
tion of labels to expect. Rationales are retained for
qualitative analysis but are not scored.

3.2 Bug Taxonomy

The taxonomy covers six categories of silent sci-
entific methodology bugs commonly encountered
in bioinformatics pipelines:

B1 Incorrect normalization, scaling, or trans-
formation.
Applying log-transformation to pre-normalized
data, using wrong size factors, or normalizing
on raw counts when the method expects CPM.

B2 Wrong statistical test.
Using a parametric test on non-normal data,
applying an unpaired test to paired samples,
or choosing a correlation method inappropriate
for the data distribution.

B3 Missing or incorrect multiple-testing correc-
tion.
Omitting FDR adjustment when testing thou-
sands of genes, or applying an inappropriate
correction procedure.

B4 Sample mismatch, label swap, or metadata
merge error.
Joining expression and phenotype tables on
misaligned keys, swapping treatment and con-
trol group labels, or assigning outcomes to
wrong samples.

B5 Information leakage between training and
evaluation data.
Fitting a scaler or selecting features on the full
dataset before splitting, or including test-set
samples in cross-validation folds.
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B6 Incorrect filtering, thresholding, or quality–
control criteria.
Using wrong QC cutoffs, applying hard thresh-
olds where adaptive ones are needed, or filter-
ing on the wrong metric.

3.3 Domain Coverage
Snippets are drawn from five bioinformatics do-
mains, each represented by 20 pairs (40 snip-
pets): D1 bulk RNA-seq differential expression,
D2 single-cell RNA-seq analysis, D3 variant call-
ing and genomic annotation, D4 clinical/genomic
machine learning, and D5 statistical genomics
(GWAS, eQTL, population genetics). The dataset
is balanced across languages: 50 pairs in Python
and 50 in R. Bug categories are distributed near-
uniformly, with 15–18 instances each.

3.4 Snippet Construction
Each benchmark item begins with a synthetic,
methodologically correct code snippet implement-
ing a realistic bioinformatics task. We then cre-
ate a matched buggy variant by introducing ex-
actly one silent methodology error from the six-
category taxonomy in Section 3.2. The taxon-
omy was informed in part by prior work on re-
producibility risks and documented data-handling
failures in bioinformatics (Baykal et al., 2024; Zie-
mann et al., 2016); all pairs are manually reviewed
before inclusion. The buggy variant preserves the
same variable names, data structures, imports, and
overall code organization; only the lines consti-
tuting or immediately surrounding the bug differ.
Both snippets in a pair execute without error and
produce plausible output, but the buggy variant’s
output is scientifically invalid.

Annotations record the bug category, the source
line containing the root cause, and the expected
scientific consequence. Manual quality review
checked that (i) each correct snippet is method-
ologically defensible for its stated intent, (ii) each
buggy snippet contains exactly one intended silent
bug, and (iii) no snippet contains unintentional
methodology issues that could confound evalua-
tion.

Before evaluation, snippets are rendered into a
construction-metadata-free view. Maintainer an-
notations and construction-only inline markers are
removed while ordinary scientific comments and
docstrings are preserved. Gold root-cause line
numbers are remapped to the displayed rendered
line numbers, and buggy samples whose gold

line maps to no rendered line are rejected. Ren-
dered files use neutral filenames (snippet.py
or snippet.R) and random identifiers rather
than original paths.

4 Evaluation Metrics

We report a hierarchy of F1 metrics over the
full 200-snippet evaluation set (100 correct, 100
buggy), plus conditional diagnostic accuracies.
Detection F1 is binary classification of whether a
bug is present. Precision and recall are computed
from the 2 × 2 confusion matrix over bug-present
predictions.

Joint Localization F1 requires both correct
detection and localization of the root-cause line.
Joint Loc@Exact requires the predicted line to
match the gold rendered line exactly. Joint
Loc@±3 allows the predicted line to fall within
three rendered lines of the gold line, accommodat-
ing cases where the bug’s effect is diffuse across
adjacent lines. On shorter snippets this tolerance
covers a substantial fraction of the program, so
Loc@±3 should be read as “correct neighbor-
hood” rather than precise localization. Joint local-
ization does not require the category to be correct.

Full Diagnosis F1 requires correct detection, lo-
calization, and bug category classification. Full
Diagnosis@±3 combines ±3 localization with
correct category. Full Diagnosis@Exact combines
exact localization with correct category and is the
strictest metric.

For joint localization and full diagnosis, a buggy
snippet that is detected but fails the required local-
ization or category condition is counted as both a
false positive diagnosis and a false negative gold
diagnosis; a correct snippet predicted as buggy is
counted as a false positive. This convention treats
a wrong diagnosis as both an unsupported claim
and a missed gold diagnosis.

Conditional accuracy isolates component abil-
ity from detection performance. Conditional
Loc@±3 Accuracy is the fraction of correctly de-
tected buggy snippets with a line prediction that
are localized within ±3 lines. Category Accuracy
is the fraction of correctly detected buggy snippets
with a category prediction that have the correct cat-
egory.

Uncertainty estimation. Bootstrap 95% con-
fidence intervals resample at the pair level: each
bootstrap sample draws 100 pairs with replace-
ment and includes both snippets from each sam-
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pled pair. We recompute all metrics through the
unified scorer with 10,000 bootstrap samples per
agent.

5 Experimental Setup

5.1 Agent Configurations

We evaluate six coding-agent configurations span-
ning three backend model families and two agent
harnesses. Two configurations pair Codex CLI
with GPT-5.4 and GPT-5.5. Four pair Claude Code
(CC) with backend models: Sonnet 4.6, Opus
4.8, DeepSeek-V4-Flash-Preview, and DeepSeek-
V4-Pro-Preview (the latter two accessed via an
Anthropic-compatible gateway). The two har-
nesses differ in how they manage file I/O, context
presentation, and tool invocation patterns; the eval-
uated unit is the full agent configuration (harness
plus backend model), not the model in isolation.
Each agent receives the same prompt template and
JSON output schema.

5.2 Evaluation Procedure

For each of the 200 rendered snippets, we create
a single-sample workspace and invoke the agent
once. The workspace contains only four files:
the rendered snippet, a task prompt with num-
bered source lines, the JSON output schema, and a
workspace README. It contains no annotations,
manifests, paired snippets, project files, or origi-
nal filenames. Agents are invoked without project-
level memory, persistent configuration, browsing,
external repositories, or execution-based debug-
ging. The prompt states the scientific intent, de-
fines the six bug categories, and requests a JSON
response conforming to the prediction schema;
agents are not asked to edit code, run tests, or syn-
thesize patches. Automated checks verify the ren-
dered inputs, workspace contents, and run meta-
data before scoring. All six agents completed all
200 predictions with zero parse or schema errors.

6 Results

6.1 Main Results

Table 1 presents the main results.

Detection performance is high. On this con-
trolled benchmark, all six agents achieve detec-
tion F1 between 0.943 and 0.990. Recall is at
or near 1.0 for every agent; only CC Opus 4.8
and DeepSeek-V4-Flash-Preview each miss a sin-
gle buggy snippet. The dominant detection er-

ror mode is false positives: CC Sonnet 4.6 gen-
erates 12 false positives (flagging correct snippets
as buggy), while CC Opus 4.8 produces only 1. In
short, the evaluated agents rarely miss an injected
bug; they over-flag rather than under-flag.

Performance degrades from detection to diag-
nosis. Figure 1 shows the degradation cascade
across all four metric levels. The gap between de-
tection F1 and Full Diagnosis@Exact F1 ranges
from approximately 10 percentage points (Codex
GPT-5.5) to 23 percentage points (DeepSeek-V4-
Pro-Preview). Codex GPT-5.5 has the highest re-
ported Full Diagnosis@Exact F1, but its F1 still
drops from 0.985 for detection to 0.887 for exact
diagnosis. The degradation is progressive: each
additional requirement (localization, then category
correctness, then exact-line precision) adds incre-
mental difficulty.

Detection and exact diagnosis rankings diverge.
CC Opus 4.8 achieves the highest detection F1
(0.990), but its Full Diagnosis@Exact F1 drops to
0.760, trailing Codex GPT-5.5 and Codex GPT-5.4
despite stronger detection. It produces 17 near-
miss localizations that fall within ±3 lines but
miss the exact root-cause line. Codex GPT-5.5 has
the highest reported value for every downstream
metric in Table 1, although its detection F1 is
slightly lower. In this evaluation, detection rank-
ing does not match localization or exact-diagnosis
ranking.

6.2 Bootstrap Confidence Intervals
Appendix Table 2 reports 95% pair-level bootstrap
confidence intervals for key metrics; here we high-
light detection and exact diagnosis. Confidence in-
tervals reflect item-sampling variance only; each
agent was queried once per snippet, so run-to-run
generation variance is not captured. Detection F1
confidence intervals are narrow, whereas Full Di-
agnosis@Exact intervals are wider. Codex GPT-
5.5 and CC Opus 4.8 have overlapping intervals
for detection ([0.97, 1.00] for both) and exact diag-
nosis ([0.82, 0.95] vs. [0.67, 0.84]). The observed
point estimates therefore produce different detec-
tion and exact-diagnosis rankings, but the intervals
overlap and do not capture run-to-run generation
variance.

6.3 Per-Category Analysis
Figure 2 shows Full Diagnosis@±3 success rates
broken down by bug category. Performance varies
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Agent Detect P/R/F1 FP/FN Loc@±3 F1 Diag@±3 F1 Diag@Exact F1 Cat. Acc.

Codex + GPT-5.4 .962 / 1.00 / .980 4 / 0 .951 .922 .814 .97
Codex + GPT-5.5 .971 / 1.00 / .985 3 / 0 .975 .956 .887 .98
CC + Sonnet 4.6 .893 / 1.00 / .943 12 / 0 .915 .887 .792 .97
CC + Opus 4.8 .990 / .990 / .990 1 / 1 .960 .930 .760 .97
CC + DS-V4-Flash-Prev. .952 / .990 / .971 5 / 1 .931 .873 .775 .94
CC + DS-V4-Pro-Prev. .943 / 1.00 / .971 6 / 0 .942 .883 .738 .94

Table 1: Main results on BIOSCIREVIEW-BENCH. CC = Claude Code. Codex = Codex CLI. Loc@±3 = Joint
Localization within three rendered lines. Diag@±3 and Diag@Exact = Full Diagnosis requiring localization (±3
or exact) plus correct bug category. Cat. Acc. = category accuracy among correctly detected buggy snippets.
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Figure 1: Performance degradation cascade. All agents achieve high detection performance but degrade progres-
sively as the task requires localization and classification. The gap between detection and exact diagnosis ranges
from approximately 10 to 23 percentage points.

substantially across categories. Multiple-testing
correction errors (B3) and data leakage (B5) are
diagnosed at or near 100% by all agents. These cat-
egories tend to involve well-known patterns, such
as missing p.adjust calls or fitting a scaler be-
fore splitting, with strong lexical signals in the
code.

Filtering and QC errors (B6) are the most chal-
lenging, with success rates as low as 0.71 for
DeepSeek-V4-Flash-Preview. Agents frequently
misclassify B6 bugs as B1 (normalization), con-
sistent with conceptual overlap between filtering
thresholds and scaling operations. Wrong statis-
tical test errors (B2) also prove difficult, with a
0.87–0.93 range across agents.

Category confusion patterns. Figure 3 shows
the aggregate confusion matrix across all agents.
Cells show mean per-agent proportions after as-
signing zero mass to absent off-diagonal cate-
gories, so each gold-category row sums to one
before rounding. The dominant off-diagonal en-
tries are B6→B1 (13% of B6 cases) and B4→B1
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Figure 2: Full Diagnosis@±3 success rate by bug cat-
egory and agent. B3 (multiple-testing) and B5 (data
leakage) are near-perfectly diagnosed by all agents,
while B6 (filtering/QC) is the most challenging.

(6%). These confusions suggest that agents default
to normalization-related explanations when the
true error involves boundary-condition or sample-
handling reasoning.

6.4 Per-Domain and Per-Language Analysis

Variant genomics (D3) is the most challenging
domain for detection, with three agents show-
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Figure 3: Bug category confusion matrix averaged
across all six agents. Cells show mean per-agent pro-
portions among detected buggy cases for each gold cat-
egory, with missing off-diagonal cells treated as zero
before averaging. B6→B1 is the dominant misclassifi-
cation.

ing precision below 0.95 due to false posi-
tives. This domain features code patterns involv-
ing allele-frequency calculations and multi-allelic
variant handling where defensible methodological
choices can appear suspicious. Bulk RNA-seq
(D1) and statistical genomics (D5) are the easiest
domains for localization, likely because their anal-
ysis patterns follow well-established conventions.

Performance is comparable across Python and
R, though R snippets show slightly higher detec-
tion precision for most agents (e.g., CC Sonnet
4.6 achieves 0.926 precision on R vs. 0.862 on
Python).

6.5 Qualitative Error Analysis

We examine the 7 buggy snippets where all six
agents fail on exact diagnosis to identify system-
atic failure modes. Three patterns emerge.

Consequence-line errors (4 cases). Four B3
snippets (missing multiple-testing correction) pro-
duce identical off-by-one errors across all agents:
every agent points to line N + 1, where the uncor-
rected p-value is used, rather than line N , where
the correction should have been applied. The
agents correctly identify the bug type and local-
ize to within one line, but consistently attribute the
root cause to the downstream consequence rather
than the upstream omission. This pattern sug-
gests agents reason backward from observed mis-
use rather than forward from missing operations.

Correct line, wrong category (2 cases). Two
B6 snippets in variant genomics are localized to

the exact line by all agents but uniformly mis-
classified as B1 (normalization). Both involve
allele-frequency denominators that include miss-
ing genotypes—a filtering/QC error (denominator
should exclude uncalled samples) that agents in-
terpret as a scaling error. The B6→B1 confusion
accounts for 13% of B6 cases across all agents
(Figure 3), and these two cases demonstrate that
the confusion is systematic and shared, not model-
specific.

Propagation-line errors (1 case). One B2 snip-
pet (single-cell pseudoreplication) is correctly
classified by all agents but localized 6 lines down-
stream of the gold root cause. The bug is the
definition of the shuffling scope, where cell-level
rather than donor-level permutation is specified,
but all agents point to the permutation-test execu-
tion. The agents identify the correct statistical flaw
but attribute it to where the test runs rather than
where the flawed scope is defined.

False positives. Across all agents, 31 of 600
correct-snippet predictions are false positives
(5.2%). Variant genomics (D3) accounts for
a disproportionate share: agents flag defensible
methodological choices, such as pooling correc-
tion families across panels or retaining technical
covariates, as bugs. The rationales are scientifi-
cally coherent but reflect a stricter standard than
the benchmark’s intent, where the correct snippet
is defined as methodologically defensible for its
stated purpose.

6.6 Retrospective Best-of-Six Upper Bound
To quantify complementary coverage across
agents, we compute a retrospective best-of-six up-
per bound: a buggy case is counted as solved if
any of the six agents solves it. This calculation
uses gold labels after the fact to identify whether
at least one agent succeeded, and therefore should
not be interpreted as a deployable ensemble.

The best-of-six upper bound reaches 100% de-
tection recall, 99% joint localization@±3, 97%
full diagnosis@±3, and 93% full exact diagnosis.
The seven cases not solved by any configuration
under exact diagnosis are shared failure cases: five
involve consequence or propagation lines rather
than the annotated root-cause line, and two involve
a shared B6→B1 category confusion.

Conversely, the all-agents intersection—cases
where every agent succeeds—achieves 98% detec-
tion, 91% localization, 86% diagnosis@±3, and
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only 69% exact diagnosis. The gap between the
best-of-six upper bound (93%) and the intersec-
tion (69%) indicates substantial complementarity
across agent configurations: different agents suc-
ceed on different subsets of the harder cases.

7 Discussion

The detection–diagnosis gap. Current coding
agents are much better at detecting the presence
of a methodology bug than at identifying exactly
what is wrong and where. Detection recall is
99–100% across the evaluated configurations, but
exact-diagnosis F1 is approximately 10–23 per-
centage points lower than detection F1. Practition-
ers therefore still need domain expertise to verify
the proposed root cause and category.

Category difficulty reflects conceptual struc-
ture. The spread across categories is consistent
with differences in conceptual structure rather
than dataset imbalance. Multiple-testing and data-
leakage bugs follow rigid, well-documented pat-
terns with strong lexical cues. Filtering and QC
bugs require judgment about domain-appropriate
thresholds: what counts as a wrong cutoff depends
on context that a short snippet may not fully sup-
ply.

Complementary error profiles. The best-of-six
analysis shows that different agents fail on dif-
ferent cases; ensemble or routing strategies could
plausibly narrow the diagnosis gap. These shared
failures include both line-attribution and category-
boundary errors. Richer pipeline context may help
in some cases, but the present experiment does not
test that.

8 Conclusion

BIOSCIREVIEW-BENCH provides, to our knowl-
edge, the first benchmark focused on coding-
agent diagnosis of silent bioinformatics method-
ology bugs. Our evaluation of six agent config-
urations reveals a consistent detection–diagnosis
gap: agents can flag buggy code with near-perfect
recall but struggle to provide the exact root-
cause localization and bug categorization needed
for actionable scientific code review. Evaluat-
ing scientific coding agents requires moving be-
yond binary bug detection: actionable review de-
pends on root-cause localization and category-
aware diagnosis. The benchmark data and

code are available at https://github.com/
qchiujunhao/BioSciReview-Bench.

Limitations

The benchmark uses isolated code snippets rather
than full analysis pipelines, which simplifies the
task relative to real-world code review. Exact-line
scoring uses a single annotated root-cause line, al-
though omission and propagation errors may also
be localized to an adjacent consequence or exe-
cution line. Snippets are manually reviewed syn-
thetic constructions, not extracted from published
analyses. The six-category taxonomy, while cov-
ering major error types, does not exhaust all possi-
ble scientific methodology bugs. We do not evalu-
ate patch generation or execution-based repair; the
benchmark targets the diagnostic stage of scien-
tific code review. Patch synthesis is left to future
work because silent methodology bugs may ad-
mit multiple scientifically valid repairs and often
lack executable test oracles. Cross-harness com-
parisons (Codex CLI vs. Claude Code) confound
harness and model; rankings within the same har-
ness are more interpretable. All agents received a
single prompt template, so sensitivity to prompt
phrasing is unmeasured. The agent configura-
tions evaluated here represent a snapshot; rapid
model development may shift the performance
landscape.

Ethics Statement

All code snippets in the benchmark are manually
reviewed synthetic constructions and do not con-
tain or derive from patient data, protected health
information, or proprietary analysis code. The
benchmark is intended for evaluating AI systems
and does not constitute medical or scientific ad-
vice. We used OpenAI GPT-5.5 (via Codex Desk-
top) and Anthropic Claude Opus 4.6 (via Claude
Desktop) as writing assistants during manuscript
preparation; all scientific claims, experimental de-
sign, data analysis, and editorial decisions are the
author’s own.
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A Prompt Template

The prompt shown to each agent follows this struc-
ture (concrete example abbreviated):

You are reviewing a single bioinformatics code
snippet for silent scientific methodology bugs.
The snippet may be methodologically valid or
may contain one methodology bug. Bug cate-
gories: B1: Incorrect normalization ... [B2–B6
descriptions]. Scientific intent: [task descrip-
tion]. Code: 1 | import numpy as np ...
Return only JSON matching this schema: {...}

B Full Bootstrap Confidence Intervals

Table 2 provides bootstrap CIs for key metrics.

C Per-Category Breakdown

Table 3 reports detection recall and Full
Diagnosis@±3 success rate per category for
each agent.

D Benchmark Examples

For readability, examples in this appendix mark
the bug line with an inline comment; these anno-
tations were added only for exposition and were
not present in agent inputs.

Example 1: Data leakage (B5). The snippet
performs feature selection for a nearest-centroid
classifier. Line 15 computes selection scores us-
ing the entire dataset, including test samples. The
correct version replaces features and labels
with X_train and y_train, restricting selec-
tion to training data.

10 train_idx = np.arange(n_train)
11 test_idx = np.arange(n_train, n_train + n_test)
12 X_train, y_train = features[train_idx], labels[

train_idx]
13 X_test, y_test = features[test_idx], labels[

test_idx]
14
15 selection_scores = np.abs( # <-- BUG
16 features[labels == 1].mean(0)
17 - features[labels == 0].mean(0))
18 selected = np.argsort(selection_scores)[-6:]

Example 2: Incorrect filtering (B6). The
snippet filters observations by a quality metric.
Line 13 uses < 0.60, retaining low-quality ob-
servations and discarding good ones. The correct
version uses >= 0.60.

9 marker_signal = quality * 2.4 + rng.normal(0,
0.1, n_obs)

10 qc = pd.DataFrame({"quality": quality,
11 "detected_features":

detected_features,
12 "marker_signal":

marker_signal})
13 keep = qc["quality"] < 0.60 # <-- BUG
14 filtered = qc[keep]
15 high_marker = (filtered["marker_signal"] > 1.6).

sum()

16 print("Observations retained:", len(filtered))
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Agent Detect F1 Loc@±3 F1 Diag@±3 F1 Diag@Exact F1 Cat. Acc.

Codex + GPT-5.4 .980 [.96, 1.00] .951 [.91, .99] .922 [.87, .97] .814 [.74, .89] .97 [.93, 1.00]
Codex + GPT-5.5 .985 [.97, 1.00] .975 [.95, 1.00] .956 [.91, .99] .887 [.82, .95] .98 [.95, 1.00]
CC + Sonnet 4.6 .943 [.91, .97] .915 [.87, .95] .887 [.83, .94] .792 [.72, .86] .97 [.93, 1.00]
CC + Opus 4.8 .990 [.97, 1.00] .960 [.92, .99] .930 [.88, .98] .760 [.67, .84] .97 [.93, 1.00]
CC + DS-V4-Flash-Prev. .971 [.95, .99] .931 [.89, .97] .873 [.81, .93] .775 [.70, .85] .94 [.89, .98]
CC + DS-V4-Pro-Prev. .971 [.95, .99] .942 [.90, .98] .883 [.82, .94] .738 [.65, .82] .94 [.89, .98]

Table 2: 95% bootstrap confidence intervals (10,000 pair-level resamples) for key metrics.

Codex+5.4 Codex+5.5 CC+Son.4.6 CC+Op.4.8 CC+DS-Fl. CC+DS-Pro

Cat. Rec. D@3 Rec. D@3 Rec. D@3 Rec. D@3 Rec. D@3 Rec. D@3

B1 (16) 1.0 .94 1.0 1.00 1.0 .94 1.0 1.00 .94 .94 1.0 .88
B2 (15) 1.0 .87 1.0 .93 1.0 .93 1.0 .93 1.0 .87 1.0 .87
B3 (17) 1.0 1.00 1.0 1.00 1.0 1.00 1.0 1.00 1.0 1.00 1.0 1.00
B4 (18) 1.0 .94 1.0 1.00 1.0 .89 1.0 .89 1.0 .83 1.0 .94
B5 (17) 1.0 1.00 1.0 1.00 1.0 1.00 1.0 .94 1.0 1.00 1.0 1.00
B6 (17) 1.0 .88 1.0 .88 1.0 .88 .94 .82 1.0 .71 1.0 .76

Table 3: Per-category detection recall (Rec.) and Full Diagnosis@±3 success rate (D@3) for each agent. Category
counts (number of buggy snippets) shown in parentheses.
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