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Abstract
Large language models (LLMs) are increasingly deployed as autonomous agents in computational
biology, yet their reliability in executing complex scientific workflows remains poorly characterized. Here,
we benchmarked five LLM agents (DeepSeek V4 Pro, GLM 5.1, HY3 Preview, Kimi K2.6, and Minimax
M2.7) on virtual gene knockout analyses using four computational frameworks across two single-cell
RNA-sequencing datasets. All agents successfully completed the assigned workflows, but their
quantitative outputs varied substantially: execution times spanned a 31fold range (61 − 1,920 s), while
cross-model coefficients of variation reached 142.1%. Notably, four of five agents (80%) exhibited “silent
methodological failures,” generating computationally valid, error-free code that produced biologically
implausible results. Among the evaluated agents, GLM 5.1 showed the most balanced performance
across computational efficiency and biological plausibility. These findings demonstrate that successful
code execution alone does not ensure scientific validity and highlight cross-model concordance and
biological validation as important quality-control strategies for Artificial Intelligence (AI)-assisted
computational biology workflows.

1 Introduction
The deployment of large language models (LLMs) as autonomous agents is reshaping scientific
computing by enabling researchers to delegate the construction and execution of complex analytical
pipelines to natural-language-driven systems(1–3). While this form of Artificial Intelligence (AI)-assisted
science may broaden access to sophisticated computational workflows(4), it also raises important
concerns regarding methodological fidelity and reproducibility. In particular, when independent AI agents
receive the same analytical protocol, it remains unclear whether they will implement the intended
algorithms consistently and produce computationally and biologically plausible results. This uncertainty
is especially relevant in scientific applications, where executable code alone does not guarantee
methodological fidelity or valid biological interpretation. Such concerns contribute to broader
discussions about the reliability of AI-generated scientific outputs(5).

Systematic evaluations of LLM agents on end-to-end computational biology tasks remain limited.
Existing benchmarks primarily assess code-generation performance on isolated programming problems,
such as HumanEval, SWE-bench, and SciCode(1–3), rather than complete scientific workflows involving
data parsing, algorithm implementation, parameter specification, and statistical interpretation. Emerging
benchmarks for scientific AI agents and broader evaluations of LLM applications in bioinformatics
provide important foundations(4, 6), but the reproducibility and methodological reliability of LLM-
generated computational biology workflows across independently implemented agents remain
insufficiently characterized(7).

Virtual gene knockout (in silico perturbation) provides a suitable testbed for evaluating this reliability. By
computationally simulating gene perturbation in single-cell transcriptomic data and assessing
downstream changes in gene regulatory networks (GRNs), these workflows require the integration of
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linear algebra, graph-based analysis, representation learning, and statistical inference. We therefore
evaluated four computational paradigms: scTenifoldKnk, based on tensor decomposition and manifold
alignment(8); scPII, based on perturbation response scanning(9); GenKI, based on variational graph
autoencoders(10); and Geneformer, a foundation model pretrained on approximately 30 million single-
cell transcriptomes(11, 12). These frameworks represent distinct computational strategies and provide
complementary settings for assessing whether LLM agents can faithfully translate scientific protocols
into executable analyses(13).

ALB (albumin) was selected as the perturbation target because it is highly expressed in hepatocytes and
is closely associated with well-characterized liver-specific transcriptional programs. Its high expression
and established biological context provide a strong-signal setting for evaluating perturbation-related
computational outputs. Accordingly, ALB was used as a biologically interpretable benchmark target
rather than as an absolute ground-truth reference for all computational outcomes(14–16). This design
enables assessment of whether model-generated perturbation results are consistent with established
ALB-associated biology, while recognizing that generalizability to other genes and perturbation contexts
remains to be established.

Here, we present a standardized benchmark of LLM agents executing first-pass, end-to-end
computational biology workflows. Using the WorkBuddy framework as a common agentic execution
environment, five LLM agents independently implemented four virtual knockout frameworks across two
single-cell RNA-sequencing datasets targeting ALB. Performance was evaluated across four
dimensions: speed, correctness defined as biological plausibility, robustness, and cross-model
concordance. All evaluated agents completed the assigned workflows, yet substantial differences
emerged in execution time, quantitative outputs, and biological plausibility. Four of five agents (80%)
exhibited “silent methodological failures,” in which computationally executable, error-free
implementations produced results that failed the predefined criteria for biological plausibility. These
findings demonstrate that successful code execution alone does not establish scientific validity and
highlight the value of cross-model concordance and independent biological assessment as
complementary quality-control strategies for AI-assisted computational biology(17).

2 Methods

2.1 Benchmark design
We designed a benchmark comprising four virtual gene knockout methods, two single-cell RNA-
sequencing datasets, and one perturbation target (ALB), resulting in eight tasks per LLM agent. The five
LLM agents were selected from the models natively supported by the WorkBuddy framework, enabling
standardized deployment and execution within a common agentic environment. WorkBuddy served as
centralized middleware to programmatically dispatch an identical natural-language prompt to each
agent, execute the autonomously generated code within an isolated runtime environment, and capture
first-pass computational outcomes without iterative refinement or human intervention. All analyses were
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performed on identical hardware consisting of an Intel Core i5-14490F CPU (@ 4.9 GHz), 16 GB DDR5
RAM, 8 GB GDDR7 GPU, and Windows 11 Pro.

2.2 Datasets
Two publicly available scRNA-seq datasets from the Gene Expression Omnibus (GEO) were used.
GSE149614 is a hepatocellular carcinoma (HCC) dataset containing raw counts for 71,915 cells across
25,712 genes(18, 19); a preprocessed AnnData file comprising 3,000 cells and 5,000 highly variable
genes was provided for memory-constrained analyses using SCANPY(20). GSE290298 contains
processed counts for approximately 3,000 cells across 5,000 genes(21). Both datasets were provided as
local files in compressed CSV/TXT or H5AD format to minimize network-related variability during
execution. ALB expression was confirmed in both datasets: in GSE149614, ALB was detected in 72.8% of
cells (mean log-normalized expression, 2.50), whereas in GSE290298 it was detected in 63.2% of cells
(mean, 1.50).

2.3 Virtual knockout methods and statistical criteria
Four computational frameworks were evaluated using predefined implementation and interpretation
criteria. These criteria were specified to enable consistent assessment of outputs generated by the five
LLM agents while preserving method-specific analytical characteristics.

scTenifoldKnk(8): PCA-based GRN construction using the top three principal components and 500 highly
variable genes, followed by ALB edge removal, manifold alignment using L2 distance, and Z-score
calculation with false discovery rate (FDR) correction(22). A result was classified as significant when the
ALB Z-score was > 5 with FDR-adjusted p < 0.05.

scPII(9): co-expression GRN construction using Pearson correlation with top-k = 100 thresholding,
followed by perturbation response scanning after removal of ALB-correlated edges and permutation-
based p-value estimation (100-1,000 bootstrap iterations). The five agents implemented distinct
operationalizations of the impact score (GLM: efficiency × sensitivity; DeepSeek: eigenvector centrality;
HY3: L2 norm; Kimi: normalized connectivity; Minimax: absolute edge-weight sum). These
operationalizations are mathematically distinct and produce non-equivalent quantities; because no
unified impact-score definition was imposed in the benchmark, direct quantitative comparison of these
scores was limited. Only DeepSeek reported an explicit p-value, whereas the other implementations were
interpreted according to their respective output criteria. The absence of a prespecified, standardized
impact-score definition was treated as a methodological limitation of this benchmark.

GenKI(10): graph perturbation analysis based on construction of a co-expression adjacency matrix,
removal of ALB-associated node connections, and measurement of the resulting structural change using
the Frobenius norm (Δ%). A Δ% >5% was classified as significant, 2–5% as borderline, and < 2% as not
significant. These thresholds were supported by prior benchmarks of GRN perturbation methods(16). No
direct p-value is generated by this graph-theoretical formulation; interpretation was therefore based on
the magnitude of structural change.
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Geneformer-based virtual knockout(11, 12): Geneformer-generated gene embeddings were reduced to
50 dimensions using PCA. ALB was computationally removed to simulate virtual knockout, and original
and perturbed representations were projected using the original PCA transformation. Perturbation
effects were quantified by per-cell cosine similarity, followed by a one-sample t-test against the identity
null (cosine = 1.0). Significance required both p < 0.05 and mean Δcos = (1 − cos) > 0.05. Borderline
cases (Δcos = 0.04–0.07) were assessed based on biological relevance. PCA-based dimensionality
reduction followed established single-cell workflows(20, 23).

2.4 Evaluation metrics
Models were evaluated across four orthogonal dimensions. Speed: total and per-task wall-clock
execution time. Correctness: biological plausibility, assessed using the predefined statistical criteria
described above (significant / borderline / not significant) and evaluated against established ALB-
associated biology. Robustness: technical errors and successful self-recovery events. Concordance:
cross-model variability quantified as CV = σ/µ × 100%.

2.5 Statistical analysis
All analyses were performed in Python 3.13 using NumPy (v1.26+), SciPy (v1.14+), pandas (v2.2+), and
AnnData (v0.10+). Multiple testing was controlled using the Benjamini-Hochberg procedure where
applicable.

3 Results

3.1 Computational efficiency and algorithmic bottlenecks
End-to-end execution times varied substantially among the evaluated agents, spanning a 31.5-fold range
from 60.9 s for Minimax M2.7 to 1,920.0 s for Kimi K2.6 (Fig. 1a). Kimi’s prolonged execution time was
associated with an autonomous recovery process following an “out-of-memory” (OOM) exception that
occurred when the agent attempted to ingest the complete 25,712 × 71,915 raw-count matrix. The other
agents avoided this memory bottleneck by defaulting to preprocessed data objects. Excluding the 1,800-
s recovery episode, GLM 5.1 was the fastest agent (241.9 s), followed by HY3 Preview (413.0 s) and
DeepSeek V4 Pro (593.8 s).

Across methods, scPII represented the major computational bottleneck, accounting for 50–73% of total
execution time across the evaluated agents (Fig. 1b). This pattern is consistent with the computational
burden of Pearson correlation-based network reconstruction, which scales quadratically with the number
of genes(24). In contrast, scTenifoldKnk consistently required less than 1 s per dataset, reflecting the
computational efficiency of its dimensionality-reduction and network-analysis strategy(8).

3.2 Divergence in virtual knockout significance
classification
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Classification of ALB perturbation significance revealed substantial inter-model divergence across the
evaluated workflows (Fig. 1c). For scTenifoldKnk, four of the five agents produced Z-scores substantially
above the predefined significance threshold (Z > 5), with values around Z ≈ 20. In contrast, Minimax
produced markedly lower Z-scores (1.12 and − 0.26) and therefore failed to meet the predefined
significance criterion in these tasks.

Distinct patterns also emerged across the four computational frameworks. GLM 5.1 identified strong
perturbation signals in network- and pathway-based analyses but showed minimal Geneformer
embedding shifts, with a cosine-distance change of less than 0.01. DeepSeek V4 Pro produced
substantial Geneformer embedding changes but did not meet the predefined scPII significance criterion
in the two evaluated tasks (p = 0.13 and 1.0). This discrepancy was associated with its use of
eigenvector centrality as the scPII impact-score operationalization rather than the edge-weight
perturbation formulation used by other implementations. Kimi K2.6 classified the Geneformer
GSE290298 result as borderline (Δcos = 0.05), illustrating how method-specific thresholds can influence
the classification of relatively small perturbation effects.

3.3 Quantitative divergence across algorithmic paradigms
For scTenifoldKnk, ALB perturbation Z-scores showed substantial agreement among four of the five
evaluated agents, with values ranging from 17.5 to 22.3 and consistently exceeding the predefined
significance threshold of Z > 5 (Fig. 2a). Minimax was a marked outlier, producing near-baseline Z-scores
of 1.12 for GSE149614 and − 0.26 for GSE290298. This deviation was associated with an apparent
transposition of the input data matrix, which altered the downstream PCA-derived representation.
Although Kimi produced Z-scores within the range observed for the other agents, it classified all 500
tested genes as statistically significant, suggesting a potential issue in its implementation of Benjamini–
Hochberg FDR correction(22).

The scPII framework exhibited the greatest inter-model quantitative variability. This divergence reflected
the distinct operationalizations of the impact score used by the five agents: GLM used efficiency ×
sensitivity based on the canonical scPRS formulation; DeepSeek used eigenvector centrality; HY3
calculated an L2-norm difference; Kimi used a normalized connectivity measure; and Minimax calculated
the absolute sum of edge weights. Because these definitions quantify different mathematical quantities,
their numerical outputs are not directly interchangeable. This methodological heterogeneity provides a
plausible explanation for the cross-model variability observed for scPII and is consistent with the
sensitivity of GRN-based perturbation analyses to network construction and scoring methodology(9, 24).

GenKI showed moderate cross-model consistency, accompanied by dataset-dependent differences. For
GSE149614, Frobenius norm changes ranged from 5.8% to 6.8% for DeepSeek, GLM, and Kimi, whereas
HY3 produced a value near zero (Δ ≈ 0.1%). In GSE290298, the HY3 result increased to 5.0% (Fig. 2a).
Minimax consistently produced substantially smaller changes across both datasets (Δ ≈ 0.3%). This
pattern was associated with its construction of correlation matrices with zero diagonals, which affected
the matrix structure following ALB removal.
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The Geneformer-based virtual knockout showed a distinct pattern characterized by relatively high cross-
model agreement within individual datasets but marked sensitivity between datasets (Fig. 2a). In
GSE149614, DeepSeek, HY3, Kimi, and Minimax produced closely clustered perturbation changes (Δcos 
≈ 0.33–0.35), indicating substantial changes in the Geneformer-derived cell representations following
computational ALB removal. In GSE290298, these four agents showed a coordinated reduction in Δcos
toward the predefined threshold. This dataset-dependent shift indicates that the magnitude of the
inferred perturbation was sensitive to the input dataset. GLM remained a marked outlier across both
datasets, producing Δcos values close to zero. Its implementation aggregated gene-level PCA
embeddings into cell-level representations using weighted averaging, which may have diluted the
contribution of ALB to the resulting cell representation. Although the corresponding one-sample t-test
could reach statistical significance, the small effect size failed to satisfy the prespecified Δcos threshold,
illustrating the importance of evaluating effect magnitude alongside statistical significance(20, 22).

3.4 Cross-model concordance varies by method and
dataset
Cross-model CV analysis revealed substantial method-specific differences in quantitative concordance
across the two datasets (Fig. 2b). scTenifoldKnk showed CVs of 53.3% and 57.1%, whereas scPII
showed the highest variability, with CVs of 138.3% and 142.1%. The high scPII variability was primarily
associated with the divergent impact-score operationalizations described above. Geneformer showed
intermediate CVs of 55.7% and 57.8%, despite the presence of a marked GLM outlier. With the exception
of GenKI, GSE290298 generally produced slightly higher CV values than GSE149614. This difference
coincided with lower ALB expression in GSE290298 (63% versus 73% of cells), which may contribute to a
weaker perturbation signal(1, 13). Overall, the results indicate that frameworks with more explicitly
specified mathematical procedures, such as scTenifoldKnk, showed lower implementation variability
than the less standardized scPII impact-score formulation within this benchmark.

Despite substantial variation in quantitative perturbation metrics, the top five affected genes showed
consistent biological patterns across the evaluated implementations (Table 1). ALB, GC, APOH, TTR, and
ORM1 were repeatedly identified among the most affected genes and represent liver-enriched or
hepatocyte-associated secreted proteins. This pattern is consistent with established hepatocyte-specific
expression and co-regulation programs(18).
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Table 1
Top-5 genes most affected by ALB virtual knockout, identified consistently across all five LLMs.

Gene Full name Function Rank Biological rationale

ALB Albumin Hepatocyte secreted
protein

1
(self)

Knockout target; central hub of
hepatocyte GRN

GC Vitamin D

binding
protein

Plasma vitamin D
transport

2 Co-expressed with ALB in
hepatocytes; shared regulatory
elements

APOH Beta-2-

glycoprotein 1

Phospholipid binding /
coagulation

3 Liver-enriched secreted protein; co-
regulated ALB network node

TTR Transthyretin Thyroid hormone /
retinol transport

4 ALB-correlated hepatocyte-specific
secretory protein

ORM1 Orosomucoid
1

Acute phase reactant 5 Liver-specific; co-expressed with ALB
in HCC

3.5 Silent methodological failures predominate over
technical errors
A marked asymmetry was observed between explicit technical errors and silent methodological failures
(Fig. 3a). Only Kimi encountered an explicit technical error, an out-of-memory condition that was
subsequently resolved through an autonomous change in data source. In contrast, four of the five
evaluated agents exhibited at least one silent methodological failure within the benchmark. These cases
were characterized by computationally executable and error-free workflows that nevertheless produced
results failing the predefined criteria for biological plausibility. Representative examples included input-
data transposition in Minimax during scTenifoldKnk, altered matrix structure following Minimax’s GenKI
implementation, non-standard impact-score operationalization associated with false-negative scPII
classifications in DeepSeek, and a small-effect-size statistical artifact in GLM’s Geneformer
implementation. Because these failures do not necessarily generate execution errors, they may remain
undetected by conventional code-level quality checks and therefore represent an important reliability
concern for autonomous scientific workflows(5, 25).

Biological plausibility was assessed using the predefined method-specific quantitative criteria together
with established ALB-associated biology. Across the eight benchmark tasks, GLM achieved the highest
biological plausibility rate (6/8, 75%), followed by HY3 (5/8, 62.5%), DeepSeek and Kimi (4/8 each, 50%),
and Minimax (1/8, 12.5%) (Fig. 3b). These results indicate substantial heterogeneity in biological
plausibility across the evaluated agents, with no single agent achieving uniformly plausible results
across all four computational frameworks and both datasets.

3.6 Multidimensional performance assessment
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Radar chart analysis across the four evaluation dimensions—correctness, speed, concordance, and
robustness—revealed distinct performance profiles among the evaluated agents (Fig. 3c). GLM exhibited
the most balanced overall profile (mean score = 7.8), with scores of 8.5 for speed, 8.0 for correctness,
7.5 for concordance, and 7.0 for robustness. Minimax showed the lowest overall profile (mean score = 
3.8), despite achieving the highest speed score (10.0), with scores of 1.0 for correctness and 2.0 for both
robustness and concordance. Kimi achieved the highest robustness score (9.0), reflecting its successful
autonomous recovery from the OOM error, but received a lower speed score (2.0) because of the
associated recovery time. These results illustrate the trade-offs among computational efficiency,
correctness, robustness, and concordance and support multidimensional evaluation of LLM agents
beyond single-axis code-execution benchmarks.

3.7 Architectural paradigms and computational efficiency
The generated implementations also differed substantially in their software architecture and
computational execution strategies. GLM 5.1 and Kimi K2.6 adopted modular, method- and dataset-
specific implementations, comprising 9 and 11 scripts, respectively, whereas DeepSeek, HY3, and
Minimax used more monolithic implementations consisting of 1–3 scripts and 458-1,352 lines of code.
GLM and Kimi used vectorized Pearson correlation calculations that required less than 2 s for 5,000-
gene matrices, whereas HY3 and DeepSeek used batched approaches that were approximately 100-fold
slower for GRN construction. These differences illustrate the substantial effect of implementation
strategy on computational performance in single-cell workflows, where vectorized operations can
substantially reduce the computational cost of large matrix calculations.

Notably, Kimi’s scPII implementation was both the smallest and fastest among the evaluated
implementations, comprising 139–182 lines of code and requiring approximately 1.0 s for execution.
Thus, within this benchmark, code length did not directly predict execution time, highlighting the greater
importance of algorithmic and implementation-level choices for computational efficiency.

4 Discussion
Our benchmark demonstrates substantial heterogeneity in the first-pass execution of computational
biology workflows by the evaluated LLM agents. Although all five agents completed the assigned tasks
without persistent execution failure, their execution times and quantitative perturbation outputs varied
considerably, with execution time spanning 31.5-fold and cross-model CV reaching 142.1%. These
differences indicate that successful code execution does not necessarily imply consistent
implementation of an analytical protocol or agreement in quantitative results. In this benchmark, the
principal source of variability was therefore not persistent code failure alone, but differences in how
agents translated the same high-level protocol into specific computational implementations.

A major manifestation of this gap was the occurrence of silent methodological failures. Four of the five
evaluated agents produced at least one computationally executable output that failed the predefined
criteria for biological plausibility. These failures included data-handling errors, such as input-matrix
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transposition; model-specification differences, such as altered matrix structure or cell-level
representation aggregation; and statistical or metric-related issues, such as non-standard impact-score
operationalizations and discrepancies in multiple-testing implementation. Such errors are difficult to
detect through conventional code-execution or syntax-based checks because the resulting workflows
can complete successfully while producing scientifically misleading outputs. This distinction between
executable correctness and biological plausibility is particularly important for autonomous scientific
workflows, in which downstream users may not inspect every implementation detail before interpreting
the resulting analyses(5, 17).

The scPII results further illustrate the consequences of underspecified methodological instructions. The
five agents implemented substantially different operationalizations of the impact score, including
efficiency × sensitivity, eigenvector centrality, L2 norm, normalized connectivity, and absolute edge-
weight sum. Because these quantities are mathematically non-equivalent, their numerical outputs
cannot be interpreted as directly comparable measurements of the same effect. We refer to this pattern
as underspecification amplification, whereby relatively minor ambiguity in a high-level protocol can lead
to substantially different downstream implementations and quantitative outputs. This observation is
consistent with previous work showing that GRN inference and perturbation analyses can be sensitive to
network construction and parameterization(9, 24). For agent-assisted computational biology, the finding
emphasizes the importance of specifying not only the analytical objective but also the mathematical
operations, input representations, thresholds, and output definitions required to reproduce the intended
method. More explicit protocol specifications may therefore reduce implementation variability and
improve reproducibility, consistent with the broader emphasis on protocol rigor in scientific AI
benchmarks(4).

The multidimensional evaluation also revealed distinct performance profiles among the evaluated
agents, rather than a uniform pattern of strengths and weaknesses. Within this benchmark, GLM 5.1
showed the most balanced overall performance and achieved the highest biological plausibility rate (6/8
tasks), while HY3, DeepSeek, and Kimi showed intermediate rates and Minimax showed the lowest rate
(1/8 tasks). However, these results should be interpreted as benchmark-specific performance profiles
rather than as a general ranking of LLM capability. For example, DeepSeek produced substantial
Geneformer-derived embedding changes but failed to meet the predefined scPII significance criterion in
two tasks, illustrating that strong performance in one analytical framework does not necessarily
translate across computational paradigms. Kimi successfully recovered from an OOM error but incurred
a substantial time penalty, whereas Minimax achieved the shortest overall execution time but showed
poor biological plausibility and concordance. These findings emphasize that computational efficiency,
biological plausibility, robustness, and cross-model concordance represent partially distinct dimensions
of agent performance.

The observation of silent methodological failures has practical implications for the deployment of LLM
agents in computational biology. First, cross-model verification can serve as a useful quality-control
strategy for critical analyses. Agreement across independently generated implementations may increase
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confidence in a result, whereas substantial disagreement can identify workflows requiring additional
inspection. Importantly, however, cross-model concordance should be regarded as a diagnostic measure
rather than an independent ground truth. Second, algorithmic transparency and protocol specification
are important for reproducibility. Protocols intended for autonomous execution should define key
mathematical operations, data representations, thresholds, and output metrics rather than relying
exclusively on high-level descriptions. Third, domain-expert review remains important for biological
interpretation, particularly when computational outputs satisfy technical execution criteria but produce
small, ambiguous, or method-dependent perturbation effects. Together, these measures provide
complementary safeguards against silent failures in AI-assisted scientific workflows(5, 25).

Several limitations should be considered when interpreting these findings. First, the benchmark included
five LLM agents, four virtual knockout frameworks, two datasets, and a single perturbation target, ALB.
The results therefore characterize reliability profiles under this specific benchmark configuration rather
than establishing general performance characteristics of LLM agents. In particular, the high expression
and well-characterized biological context of ALB provide a relatively strong-signal setting; whether
similar failure patterns occur for lower-expressed genes or weaker perturbation signals remains
unknown and requires future validation across a larger target-gene panel. Second, all analyses were
performed in a standardized commodity computing environment. This configuration ensured
comparable execution conditions across agents but may not represent performance under GPU-
optimized or higher-memory environments. Third, the benchmark evaluated first-pass outputs without
iterative refinement or human intervention. This design was intentional, allowing direct comparison of
how agents interpret an identical protocol, but performance may differ under iterative prompting,
debugging, or optimized prompt engineering. Fourth, LLM outputs are inherently stochastic, and replicate
runs may produce different implementations or results. Repeated-run variability was not systematically
evaluated here and represents an important direction for future studies.

5 Conclusion
In this benchmark, substantial differences in quantitative outputs and biological plausibility were
observed across independently implemented workflows, with silent methodological failures occurring in
four of five evaluated agents despite error-free execution. This demonstrates that LLM agents can
execute sophisticated computational biology workflows, but executable output alone is insufficient
evidence of methodological or biological reliability. These findings highlight the need to evaluate AI-
generated scientific workflows beyond code execution, incorporating explicit algorithmic specifications,
cross-model concordance, and independent assessment of biological plausibility.

Abbreviations
LLM, large language models; AI, Artificial Intelligence; GRNs, gene regulatory networks; ALB, albumin;
GEO, Gene Expression Omnibus; HCC, hepatocellular carcinoma; FDR, false discovery rate; CV, coefficient
of variation.
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Figure 1

Execution times and virtual knockout significance calling of LLM agents.a, Total end-to-end execution
times (seconds) for the five evaluated LLM agents. Numbers above the bars indicate absolute runtimes.
b, Method-specific execution times (seconds) across four algorithmic frameworks (scTenifoldKnk, scPII,
GenKI, and Geneformer). Color intensity corresponds to the runtime. c, Significance calling of ALB virtual
knockouts across eight task combinations using two single-cell RNA-sequencing datasets (GSE149614
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and GSE290298). Outcomes are color-coded as “Significan (blue)”, “Borderline (orange)”, or “Not
significant/FAIL (grey)”. Values within cells represent specific quantitative metrics output by each model.

Figure 2

Quantitative variance and cross-model coefficient of variation across virtual knockout frameworks. a,
Quantitative metrics of ALB perturbation generated by five LLM agents across four algorithmic
frameworks (scTenifoldKnk, scPII, GenKI, and Geneformer) and two independent datasets (GSE149614
and GSE290298). Horizontal dashed lines indicate the predefined significance or baseline thresholds for
each respective method. b, Heatmap of the cross-model coefficient of variation (CV, %) calculated for
each algorithmic framework across the two single-cell datasets. Color scaling indicates the magnitude
of the CV.

Page 16/17



Figure 3

Error classification, biological plausibility rates, and multidimensional evaluation of LLM agents. a,
Quantification of anomalous pipeline outcomes across the five evaluated models, categorized into
“Technical error” (runtime crashes) and “Methodological failures” (computationally valid but biologically
invalid results). b, Proportion of task combinations yielding biologically plausible results out of the eight
total configurations evaluated for each agent. Fractions above the bars denote the absolute number of
successful tasks. c, Radar chart illustrating the integrated performance profiles of the agents across four
primary evaluation axes: Correctness, Speed, Concordance, and Robustness. Overall mean scores for
each model are indicated at the top.
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