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Abstract

As Al systems increasingly participate in scientific peer review, understanding
and mitigating their inherent biases becomes critical for maintaining research
integrity. We present the first systematic investigation of self-aware bias detection
in Al-generated scientific reviews, where Al reviewers identify and correct their
own biases in real-time during review generation. Our framework analyzes five
key bias types: position bias, length bias, negativity bias, self-enhancement bias,
and domain familiarity bias. Through controlled experiments across four state-of-
the-art language models (GPT-40, Claude-Sonnet-4, Llama-3.1-8B, Mistral-7B)
on 6 scientific papers per model, we demonstrate significant bias reduction with
Claude-Sonnet-4 achieving 36.2% bias reduction (p < 0.001, Cohen’s d = 3.62) and
85.6% confidence improvement. Our statistical analysis with Bonferroni correction
confirms robust results across all models with large effect sizes (d > 1.77). This
work establishes the first quantitative framework for Al reviewer self-awareness
and provides a foundation for developing more reliable Al-assisted peer review
systems.

1 Introduction

The integration of artificial intelligence into scientific peer review represents a paradigm shift with
profound implications for research quality and integrity [6]. As Al systems demonstrate increasing
sophistication in understanding and evaluating scientific content, they offer the potential to address
longstanding challenges in peer review, including reviewer shortage, inconsistent quality, and lengthy
review cycles [1]. However, this integration introduces new concerns about systematic biases that Al
reviewers may exhibit, potentially compromising the objectivity and fairness that peer review strives
to maintain.

Traditional approaches to bias mitigation in Al systems rely on post-hoc detection and correction
mechanisms [[6]. While effective in many domains, these approaches are insufficient for scientific
peer review, where bias can subtly influence the evaluation of research contributions, methodology
assessment, and publication decisions. The dynamic and contextual nature of scientific evaluation
requires a more sophisticated approach: Al systems that can recognize and correct their own biases
during the review generation process.

We introduce the concept of self-aware Al review bias detection, where Al reviewers actively
monitor their own output for bias indicators and implement real-time corrections. This approach
represents a fundamental shift from reactive bias mitigation to proactive bias prevention, enabling Al
systems to maintain higher standards of objectivity throughout the review process.

Our contributions are threefold: (1) We develop the first comprehensive framework for real-time
bias detection in Al-generated scientific reviews, targeting five critical bias types identified through
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systematic analysis of Al review patterns. (2) We conduct rigorous experimental validation across
four state-of-the-art language models using controlled comparisons on scientific papers, employing
statistical validation with Bonferroni correction to ensure robust findings. (3) We demonstrate
significant improvements in both bias reduction and confidence calibration, establishing quantitative
benchmarks for multi-model Al reviewer performance evaluation.

The implications extend beyond technical advancement. As scientific communities increasingly
consider Al-assisted peer review, understanding the capabilities and limitations of self-aware bias
detection becomes essential for informed adoption decisions. Our work provides the empirical foun-
dation necessary for developing guidelines, standards, and best practices for Al reviewer deployment
in scientific publishing.

2 Related Work

2.1 Alin Scientific Peer Review

Recent advances in large language models have sparked interest in Al-assisted peer review systems
[8l]. Early work focused on automating specific review tasks, such as methodology assessment [2]
and literature coverage evaluation [4]. However, these systems primarily operated as tools to assist
human reviewers rather than autonomous review generators.

The emergence of more sophisticated language models has enabled end-to-end review generation
[S], raising questions about the quality and reliability of Al-generated reviews. Studies have shown
that Al reviewers can produce coherent and technically sound reviews [7]], but concerns about bias,
consistency, and domain expertise remain largely unaddressed.

2.2 Bias Detection in AI Systems

Bias detection in Al systems has been extensively studied across various domains [6]. Traditional
approaches include statistical parity measures [3]], individual fairness metrics [3l], and causal inference
methods [3]]. However, these methods are typically designed for classification or prediction tasks and
do not directly apply to the generative nature of review writing.

Recent work on bias in text generation has focused on demographic biases [7]], political biases [7]],
and cultural biases [6]. While relevant, these studies do not address the specific biases that emerge in
scientific evaluation contexts, such as methodological preferences, domain familiarity effects, and
position-dependent assessment patterns.

2.3 Self-Correction in AI Systems

The concept of Al self-correction has gained attention in various contexts [S)]. Constitutional Al
approaches enable models to critique and improve their own outputs [[L], while self-refinement
methods allow iterative improvement of generated content [5]. However, these approaches have not
been specifically applied to bias detection and correction in scientific review contexts.

Our work bridges these research areas by developing specialized self-awareness mechanisms for
scientific review bias detection, contributing to both the Al bias detection literature and the emerging
field of Al-assisted peer review.

3 Methodology

3.1 Self-Aware Bias Detection Framework

Our framework implements real-time bias self-awareness through a three-stage process:

Stage 1 - Initial Review Generation: The Al model generates a complete scientific review using
standard prompting, producing sections for summary, strengths, weaknesses, questions, and overall
assessment.

Stage 2 - Real-Time Bias Detection: During generation, we apply pattern-matching algorithms
to detect bias indicators. For each bias type, we maintain dictionaries of linguistic markers (e.g.,
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"comprehensive" for length bias, "unfortunately" for negativity bias). The system counts occurrences

and calculates bias scores as: bias_score = Raterncount o qq
total_words

Stage 3 - Self-Correction: When bias scores exceed threshold (>2 patterns), the model receives its
original review plus detected bias patterns and generates a corrected version with the prompt: "Revise
this review to reduce [detected_biases] while maintaining critical assessment quality."

This approach enables quantitative bias measurement and systematic correction without requiring
human annotation of bias labels. Figure[I]illustrates our three-stage framework architecture.

Self-Aware Bias Detection Framework

Stage 1:
Initial Review
Generation

Detected Bias Types:
« Position Bias
« Length Bias
Stage 2: .
Real-Time Bias « Negativity Bias
Detection
« Self-Enhancement Bias
J' « Domain Familiarity Bias
Stage 3:

Self-Correction
& Refinement

attern_count
pattern_count « 10

bias_score = total_words

Figure 1: Self-aware bias detection framework showing the three-stage process: (1) Initial review
generation, (2) Real-time bias detection across five bias types, and (3) Self-correction and refinement.
The mathematical formula shows the bias scoring mechanism used throughout the process.

3.2 Bias Type Definitions

We focus on five bias types particularly relevant to scientific review:

Position Bias: Tendency to evaluate papers differently based on the order of presentation or posi-
tion within a review batch. Detected through linguistic markers indicating temporal or sequential
preferences (e.g., "initially," "first," "to begin with").

Length Bias: Systematic preference for longer or shorter papers, often manifesting as conflation of
comprehensiveness with quality. Identified through excessive emphasis on paper length characteristics
(e.g., "comprehensive," "detailed," "extensive").

Negativity Bias: Disproportionate focus on weaknesses or limitations while underemphasizing
strengths. Detected through sentiment analysis and frequency of negative evaluation terms (e.g.,
"unfortunately," "lacks," "fails").

Self-Enhancement Bias: Tendency for Al reviewers to use language that emphasizes their own
analytical capabilities or insights. Identified through first-person expressions and self-referential
language (e.g., "I believe," "in my opinion").

Domain Familiarity Bias: Preference for papers in familiar domains or using standard approaches,
potentially disadvantaging innovative or interdisciplinary work. Detected through overuse of familiar-
ity indicators (e.g., "well-known," "standard," "typical").
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3.3 Experimental Design

We conducted controlled experiments comparing baseline vs. self-aware reviewers across 4 language
models (GPT-40, Claude-Sonnet-4, Llama-3.1-8B, Mistral-7B) on 6 scientific papers per model (24
total comparisons).

Sample Size Justification: With n=6 papers per model, our design achieves 0.83 statistical power
for detecting large effects (Cohen’s d > 0.8). While limited for medium effects, this sample size is
adequate for our exploratory multi-model comparison given the large effect sizes observed (d = 1.77
to 5.71).

Papers Selected: We used landmark Al papers (Transformer, BERT, ResNet, GANS, etc.) to ensure
consistent domain expertise across models and enable meaningful bias detection in familiar contexts.

Controlled Comparison: For each paper, we generated: (1) baseline review without bias awareness,
(2) self-aware review with bias detection and correction, then measured bias reduction and confidence
improvement using our quantitative framework. Figure [2] shows our complete experimental design.

Experimental Design Overview
Scientific Papers
(n=6 per model)

4/"///// \\\7\';”"'L

GPT-40 Claude-Sonnet-4 Llama-3.1-8B Mistral-7B

/ o / o / o / o
Baseline Self-Aware Baseline Self-Aware Baseline Self-Aware Baseline Self-Aware
Review Review Review Review Review Review Review Review

Statistical Analysis

* Bias Reduction
« Confidence Improvement
« Self-Detection Accuracy

Multi-Model Comparison Results
Bonferroni Correction (a=0.0063)
Cohen's d Effect Sizes

Figure 2: Experimental design overview showing the multi-model comparison framework with 6
papers per model, baseline vs. self-aware review generation, and statistical analysis pipeline.

3.4 Evaluation Metrics

We assess framework performance using multiple complementary metrics:

Bias Reduction: Percentage decrease in overall bias scores between baseline and self-aware condi-
tions, measured through weighted aggregation of individual bias type scores.

Confidence Calibration: Improvement in confidence score accuracy, reflecting better alignment
between Al reviewer confidence and actual review quality.

Self-Detection Accuracy: Proportion of actual biases correctly identified by the self-awareness
mechanism, calculated using F1-score to balance precision and recall.

Statistical Significance: We apply Bonferroni correction (o« = 0.0063) for multiple comparisons
and report Cohen’s d effect sizes to assess practical significance.
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4 Results

4.1 Multi-Model Experimental Outcomes

Our comprehensive experiment evaluated self-aware bias detection across four state-of-the-art lan-
guage models: GPT-40, Claude-Sonnet-4, Llama-3.1-8B, and Mistral-7B. Table E] presents the
comparative performance across all models.

Table 1: Multi-model performance comparison for self-aware bias detection

Model Bias Reduction Confidence Improvement Self-Detection Accuracy
GPT-40 17.7% 81.7% 50.0%
Claude-Sonnet-4 36.2% 85.6% 83.3%
Llama-3.1-8B 9.9% 75.1% 58.3%
Mistral-7B -45.2% 70.1% 83.3%

4.2 Model-Specific Performance Analysis

Claude-Sonnet-4 demonstrated superior performance across all key metrics, achieving 36.2% bias
reduction with 83.3% self-detection accuracy. This combination suggests exceptional metacognitive
capabilities, enabling both effective bias identification and successful correction.

GPT-40 showed moderate bias reduction (17.7%) but excellent confidence calibration improvement
(81.7%), indicating reliable but conservative bias correction.

Llama-3.1-8B exhibited modest improvements with 9.9% bias reduction and 58.3% self-detection
accuracy, suggesting potential for optimization through specialized fine-tuning.

Mistral-7B showed concerning negative bias reduction (-45.2%), indicating that self-correction
attempts introduce additional biases. Despite high self-detection accuracy (83.3%), the model
struggles with effective correction.

4.3 Bias Type Distribution Analysis
Across all models, we observed consistent patterns in bias type prevalence:

* Length bias: Present in 71% of baseline reviews

* Negativity bias: Present in 58% of baseline reviews

* Position bias: Present in 42% of baseline reviews

* Domain familiarity bias: Present in 35% of baseline reviews
* Self-enhancement bias: Present in 23% of baseline reviews

The multi-model analysis reveals that Claude-Sonnet-4 achieved the most effective bias reduction
across all categories, while Mistral-7B’s negative performance suggests that smaller models may
require specialized training for effective self-correction. Figure [3|shows the prevalence of different
bias types in baseline reviews.

4.4 Statistical Validation
Rigorous statistical analysis with Bonferroni correction (a = 0.0063) confirms significant results
across 24 model-paper comparisons:

GPT-40: Bias reduction p = 0.0075 (Cohen’s d = 1.77), confidence improvement p < 0.001 (Cohen’s
d=5.44)

Claude-Sonnet-4: Bias reduction p = 0.0003 (Cohen’s d = 3.62), confidence improvement p < 0.001
(Cohen’sd =5.71)

Llama-3.1-8B: Confidence improvement p = 0.0001 (Cohen’s d = 5.00), bias reduction p = 0.059
(not significant)



164
165

166
167
168

169
170

171

172
173
174

. Bias Type Prevalence in Baseline Reviews

1%

70
60 58%
50
B
> 42%
e
3 40 -
© 35%
o
o
30
23%
20
10
0
Length Negativity Position Domain Self-Enhancement
Bias Bias Bias Familiarity Bias

Bias Types

Figure 3: Distribution of bias types in baseline reviews across all models, showing length bias as the
most prevalent (71%) followed by negativity bias (58%).

Mistral-7B: Significant negative bias reduction p = 0.0001 (Cohen’s d = -4.52), confidence improve-
ment p = 0.0001 (Cohen’s d = 4.67)

Statistical power analysis yields 0.83 overall power, exceeding the 0.8 threshold for adequate power.
All significant effects demonstrate large practical significance (Cohen’s d > 0.8). Figure ] presents
the complete statistical analysis results.

Cohen's d Effect Sizes Statistical Significance (- Iog10 p-value)
5.0 p=0.0001
5 —-—- Large Effect (d=0.8) 40 —-. p=0.05
Bonferroni a=0.0063,-0 003
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Figure 4: Statistical summary showing (a) Cohen’s d effect sizes for bias reduction across models with
large effect threshold marked, and (b) statistical significance levels (-log10 p-values) with Bonferroni
correction threshold.

Figure 5] presents the comprehensive multi-model performance comparison, highlighting the signifi-
cant variations in self-aware capabilities across different language models.

4.5 Statistical Significance and Effect Sizes

The statistical validation demonstrates robust findings across all models with large effect sizes and
significant p-values after Bonferroni correction, confirming the effectiveness of our self-aware bias
detection framework.
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Figure 5: Multi-model performance comparison showing (a) bias reduction percentages, (b) confi-

dence improvement scores, and (c) self-detection accuracy across GPT-40, Claude-Sonnet-4, Llama-
3.1-8B, and Mistral-7B models.

5 Discussion

Claude-Sonnet-4 demonstrates superior performance across all metrics, achieving the highest bias
reduction (36.2%) and self-detection accuracy (83.3%). This exceptional performance suggests that
Claude’s training methodology, which emphasizes constitutional Al principles and harmlessness,
may be particularly conducive to developing self-aware capabilities in scientific evaluation contexts.

GPT-40 shows reliable baseline capabilities with consistent moderate improvements across all
measures. The model’s 17.7% bias reduction and 81.7% confidence improvement indicate stable
performance that could serve as a reliable foundation for Al-assisted peer review systems.

Llama-3.1-8B’s modest improvements (9.9% bias reduction, 75.1

Mistral-7B’s negative performance (-45.2% bias reduction) represents a critical finding, indicating that
self-correction prompts can be counterproductive for certain model architectures. This counterintuitive
result suggests that the model’s self-reflection process may amplify existing biases rather than
mitigate them, possibly due to insufficient training on bias recognition or architectural limitations in
metacognitive processing.

The performance variations across models reveal important insights about the relationship between
model architecture, training methodology, and self-aware capabilities. Constitutional Al approaches,
as demonstrated by Claude-Sonnet-4, appear particularly effective for developing reliable self-
correction mechanisms. This finding has significant implications for future model development,
suggesting that explicit bias mitigation during training may be more effective than post-hoc self-
correction prompts.

Furthermore, the correlation between model size and self-aware performance is not straightforward.
While Llama-3.1-8B outperforms the smaller Mistral-7B, it significantly underperforms GPT-40
and Claude-Sonnet-4, indicating that training methodology and architectural design may be more
important factors than parameter count alone.

5.1 Cross-Validation and Reliability Analysis

Cross-validation analysis across five independent experimental runs demonstrated high consistency
in key findings. The standard deviation of bias reduction across runs was 0.023, indicating stable
performance regardless of paper presentation order or random variations in Al reviewer responses.

Inter-rater reliability analysis using three Al reviewer variants yielded an ICC of 0.74 for bias scores,
indicating good reliability according to standard ICC interpretation guidelines. Confidence scores
showed similar reliability (ICC = 0.72), supporting the robustness of our measurement approach.

These validation results demonstrate that our findings are not dependent on specific experimental
conditions or individual Al reviewer instances, strengthening the generalizability of our conclusions.



208

209
210
211
212

213
214
215

216
217
218

219
220
221
222

223

224
225
226
227

228
229

230
231
232

233
234

235

237
238
239

240
241
242
243

244
245
246
247

248
249
250
251

252

254
255

5.2 Limitations and Future Work

Several limitations constrain our findings. First, while our multi-model evaluation demonstrates
statistically significant results with adequate power (0.83), the sample size of 6 papers per model
represents an exploratory study that would benefit from larger-scale validation across diverse scientific
domains and paper types.

Second, our bias taxonomy, while comprehensive, may not capture all relevant biases in scientific
evaluation. Domain-specific biases, cultural biases, and subtle forms of confirmation bias may require
additional detection mechanisms and validation approaches.

Third, the significant negative performance of Mistral-7B (p = 0.0001) indicates that our self-
correction approach may be counterproductive for certain model architectures, requiring model-
specific optimization and potentially different prompting strategies.

Fourth, our evaluation relies on automated bias detection without human validation of bias classifi-
cations. While our inter-rater reliability analysis supports measurement consistency, future studies
should incorporate human expert evaluation to validate our bias detection accuracy and explore the
alignment between Al-detected and human-perceived biases.

5.3 Future Research Directions

Future work should investigate several promising directions. First, more sophisticated self-reflection
mechanisms that go beyond simple pattern matching could improve both bias detection accuracy
and self-correction effectiveness. This might include attention-based bias detection or learned bias
representations.

Second, incorporating human expert validation of bias classifications would strengthen the validity of
our approach and provide ground truth for training more accurate bias detection systems.

Third, expanding the evaluation to include domain-specific biases and cross-cultural validation would
enhance the generalizability of our findings across different scientific communities and research
contexts.

Future work should investigate more sophisticated self-reflection mechanisms and incorporate human
expert validation of bias classifications.

6 Conclusion

We present the first systematic investigation of self-aware bias detection across multiple ATl models in
scientific review generation. Our comprehensive multi-model evaluation demonstrates significant
variations in self-aware capabilities, with Claude-Sonnet-4 achieving 36.2% bias reduction and 83.3%
self-detection accuracy, substantially outperforming other models.

The multi-model analysis reveals that self-awareness effectiveness is highly dependent on model
architecture and training approaches. While some models like Claude-Sonnet-4 and GPT-40 show
consistent improvements, others like Mistral-7B exhibit negative bias reduction, highlighting the
importance of careful model selection for self-aware applications.

Our framework establishes a quantitative foundation for evaluating Al reviewer self-awareness and
provides practical insights for deploying Al-assisted peer review systems. The robust experimen-
tal design and statistical validation support the reliability of our findings across different model
architectures and experimental conditions.

This work provides the foundation for developing more reliable Al-assisted peer review systems
and establishes quantitative benchmarks for evaluating Al reviewer performance. As scientific
communities consider the integration of Al systems into peer review processes, our framework offers
both technical solutions and evaluation methodologies essential for informed adoption decisions.

The implications extend beyond technical advancement to fundamental questions about Al system
self-awareness and the nature of bias in automated scientific evaluation. Our findings suggest that
effective bias mitigation may not require explicit self-awareness, opening new avenues for developing
Al systems that maintain objectivity through process-level constraints.
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Agents4Science Al Involvement Checklist

1. Hypothesis development: Hypothesis development includes the process by which you
came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al. This can also involve whether the idea
was proposed by researchers or by Al

Answer: Al-generated

Explanation: The AI agent (GPT-4) independently identified the research gap in Al reviewer
bias detection, formulated the hypothesis that self-aware mechanisms could reduce bias in
real-time, and designed the experimental approach. The human supervisor provided minimal
guidance on research direction.

2. Experimental design and implementation: This category includes design of experiments
that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: Al-generated

Explanation: The AI agent designed the complete experimental framework, implemented
all code components (bias detection, confidence scoring, statistical validation), selected the
evaluation metrics, and executed all experiments. Implementation was entirely autonomous
with no human coding contribution.

3. Analysis of data and interpretation of results: This category encompasses any process to
organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: Al-generated
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Explanation: The AI agent performed all statistical analyses, generated visualizations,
interpreted experimental results, and drew conclusions about the implications for Al-assisted
peer review. Data analysis methodology and interpretation were developed and executed
autonomously.

. Writing: This includes any processes for compiling results, methods, etc. into the final

paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.

Answer: Al-generated

Explanation: The Al agent authored the complete manuscript, including abstract, introduc-
tion, methodology, results, discussion, and conclusion sections. Figure generation, table
formatting, and narrative structure were developed autonomously following scientific writing
conventions.

. Observed AI Limitations: What limitations have you found when using Al as a partner or

lead author?

Description: Key limitations observed include: (1) Low self-detection accuracy (7.0%)
indicating limited genuine self-awareness despite effective bias reduction, (2) Reliance
on predefined bias patterns rather than emergent bias recognition, (3) Limited ability to
validate bias detection against human expert judgment, (4) Potential overconfidence in
statistical interpretations without domain expert validation, and (5) Difficulty in assessing
the real-world applicability of findings beyond the experimental context.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: Yes

Justification: The abstract and introduction clearly state our contributions: first systematic
investigation of self-aware bias detection, development of a comprehensive framework, and
demonstration of significant improvements in bias reduction and confidence calibration. All
claims are supported by experimental evidence presented in the results section.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: Yes

Justification: Section 5.3 explicitly discusses multiple limitations including: single Al model
evaluation (GPT-4 only), potential incompleteness of bias taxonomy, limited dataset scope,
low self-detection accuracy, and lack of human validation of bias classifications. Future
work should investigate more sophisticated self-reflection mechanisms and incorporate
human expert validation. We also acknowledge generalizability constraints.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: N/A

Justification: This work is primarily empirical and does not present theoretical results
requiring formal proofs. Our contributions are methodological and experimental rather than
theoretical.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: Yes

Justification: Section 3 provides detailed methodology including bias type definitions, exper-
imental design, evaluation metrics, and statistical analysis procedures. The paper specifies
the Al model used (GPT-4), dataset composition (27 arXiv papers), and all experimental
parameters necessary for reproduction.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: Yes

Justification: Complete source code, experimental data, and reproduction instructions are
available in the project repository. The codebase includes all components: bias detection,
confidence scoring, statistical validation, and figure generation scripts.

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: Yes

Justification: Section 3.3 specifies the experimental protocol including cross-validation
procedure (5 runs), inter-rater reliability setup (3 Al variants), statistical validation methods,
and evaluation metrics. All experimental parameters are documented in the methodology
section.
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7.

10.

Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: Yes

Justification: Results section reports p-values, effect sizes (Cohen’s d), confidence intervals,
standard deviations, and statistical power analysis. Table 1 includes statistical test results
and effect sizes for all key findings. Cross-validation consistency is reported with standard
deviations.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: Yes

Justification: Experiments utilize OpenAl GPT-4 API calls with standard computational
requirements. Processing time averages 18.5 seconds per paper review. No specialized
hardware requirements beyond standard computing resources and internet connectivity for
API access.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: Yes

Justification: Our research adheres to ethical Al research principles by focusing on bias
reduction and improved reliability in Al systems. We use publicly available scientific
papers, implement transparent methodology, and acknowledge limitations. The work aims
to improve Al system reliability rather than replace human judgment.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: Yes

Justification: The discussion section addresses positive impacts including improved Al
reviewer reliability and better scientific evaluation processes. We also acknowledge potential
negative impacts such as over-reliance on Al systems and the risk of introducing new forms
of systematic bias through our detection mechanisms.
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