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Abstract  
 
Rapid advances in Generative AI offer new opportunities to streamline academic peer review, yet 

questions remain regarding whether AI systems can match human evaluative judgment. Through a 

Business Process Reengineering (BPR) lens, we evaluate three leading GenAI models (ChatGPT, Claude, 

and Gemini) using a standardized rubric across an exploratory sample of 11 Information Systems 

conference papers (N=11) with historical human-reviewer scores (2021–2025). AI-generated 

evaluations exhibited lower scoring variance than human reviews, while repeated-run reliability varied 

across models and evaluation criteria. AI evaluations also diverged substantially from human outcomes, 

showing virtually no overlap in top-ranked papers. AI models exhibited score compression, relative 

severity toward methodology, and relative leniency toward writing style, while producing paper rankings 

that differed substantially from those of human reviewers. These findings suggest that current LLMs 

should not be viewed as replacements for expert human judgment, but may be useful as upstream tools 

to support structural and mechanical evaluation in a reengineered hybrid review workflow. 

 
Keywords: Artificial Intelligence, Generative AI, Academic Assessment, Peer Review, Information 

Systems Education, Decision Support Systems.  
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1. INTRODUCTION 

 
Academic peer review, the foundational mechanism through which new research is validated, is 

increasingly strained by growing submission volumes and a limited supply of qualified reviewers. 
Manuscript submissions grew 6.1% annually from 2013 to 2018 (Publons, 2018), with recent journal 
reports citing a 33% year-over-year increase (Crowe, 2026). The global peer-review workload is now 
estimated to exceed 100 million hours annually (Aczel et al., 2021). Meanwhile, conference submissions 
have surged—ICLR grew from 960 submissions in 2018 to nearly 5,000 in 2023 (Liang et al., 2024b), 
and ISCAP submissions increased 51% between 2018 and 2025. 

 

Recent advances in LLMs offer promising capabilities for scholarly review, including rapid manuscript 
evaluation, consistent rubric application, and reduced reviewer fatigue. While prior studies have 
examined AI-generated reviews in large journal and conference datasets, few have evaluated 
Information Systems (IS) education conferences or analyzed the consistency of repeated AI evaluations 
on identical manuscripts. Consequently, how different AI systems compare against human reviewers 
and one another under identical rubrics remains understudied. 

 
To address this gap, this study examines 11 ISCAP conference submissions (2021–2025) with original 
human-reviewer scores. ChatGPT, Claude, and Gemini independently evaluated each paper using the 
same rubric. We compare AI and human scores and examine differences among the AI systems through 
the following research questions: 
 

• RQ1: To what extent do AI-generated review scores correlate with human-reviewer scores? 

• RQ2: Does AI demonstrate different scoring variances than humans? 
• RQ3: How stable are AI-generated evaluations across repeated review sessions? 

 
The paper is organized as follows: Section 2 reviews the current literature; Section 3 describes the 
methodology; Section 4 presents the results; Section 5 provides discussion; and Section 6 concludes 
and outlines future work. 
 

2. LITERATURE REVIEW 
 
The increasing availability of GenAI has prompted researchers to examine how it can augment 
knowledge-intensive organizational processes traditionally performed by humans. One such process is 
academic peer review, where rising manuscript submission rates, reviewer fatigue, and extended review 
cycles have challenged the scalability of traditional methods. While much of the emerging literature has 

focused on the capabilities and limitations of AI-assisted manuscript evaluation, less attention has been 
devoted to how AI can be integrated into the broader peer-review workflow and to whether AI-generated 
evaluations demonstrate the consistency and reliability necessary for operational adoption. 
 
Business Process Reengineering (BPR) offers a useful theoretical lens for examining this question, as it 

emphasizes the fundamental redesign of organizational processes to achieve substantial improvements 
in productivity, quality, service, and cycle time (Hammer, 1990). While BPR predates modern artificial 

intelligence, it is applied here as a general process-redesign framework to examine how AI capabilities 
can be incorporated into the peer-review workflow to optimize task allocation between human and 
automated raters. Prior research has suggested that BPR techniques can be used to model the effects 
of AI-assisted automation, cognitive information biases, and machine learning on productivity and cycle-
time improvement (Hammer, 1990; Housel & Bell, 2001; Miller & Mun, 2023). From this perspective, 
the relevant question is not whether AI can replace human reviewers, but whether it can provide reliable, 
consistent evaluations that justify its inclusion in the scholarly review process. 

 



2026 Proceedings of the ISCAP Conference   ISSN: 2473-4901 
Asheville, NC  v12 n6939 

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 3 
https://iscap.us/proceedings/ 

2.1 AI Use in the Peer Review Process 

 
A growing body of literature has begun examining AI's role in scholarly evaluation (Checco et al., 2021). 
Liang et al. (2024a) used a maximum-likelihood framework to analyze major AI conferences (ICLR, 

NeurIPS, CoRL, EMNLP), estimating that 6.5%–16.9% of review sentences were substantially AI-
modified. Higher AI involvement correlated with late submissions, missing scholarly references, and 
standardized feedback. These findings confirm that AI use in peer review is widespread, raising 
legitimate concerns about feedback diversity and reviewer independence, as well as potential efficiency 
gains. 
 
2.2 Quality of AI-Generated Review Compared to Human Review 

 

Assessing the quality of AI-generated feedback reveals critical content asymmetries. Comparing GPT-4 

against human reviewers across 3,096 Nature and 1,709 ICLR papers, Liang et al. (2024b) found 

moderate overlap (30.8%–39.23%). A shuffling experiment confirmed paper specificity, as overlap 

dropped to near-zero when GPT-4 reviews were paired with human reviews from different manuscripts. 

However, GPT-4 commented on research implications 7.27 times more often than humans while raising 

novelty concerns 10.69 times less often. Joachim et al. (2025) confirmed this novelty gap, finding only 

weak correlations between AI originality scores and human rejection decisions across four models (GPT-

4o, Claude 3.5, Gemini 1.5, GPT-o1) reviewing 22 oral and maxillofacial surgery manuscripts. Human 

reviewers rejected 68.2% of submissions, compared with 0%–9.1% for AI models. All models 

demonstrated high temporal stability but only moderate agreement with human decisions (kappa 0.38–

0.46). Similarly, Biswas et al. (2023) noted that ChatGPT feedback lacked the citation-level specificity 

and depth typical of expert reviewers. Nevertheless, Liang et al. (2024b) reported that in a survey of 

308 researchers, over half rated GPT-4's feedback as helpful, and over 80% considered it more useful 

than at least some human reviews. Taken together, these studies reveal an unresolved tension: AI-

generated reviews offer meaningful overlap with human feedback yet diverge on the dimensions human 

reviewers weigh most critically—novelty, depth, and citation specificity. 

 

2.3 Reviewer Agreement and Reliability 

 

An important consideration in evaluating AI-generated reviews is the inherent variability of human peer 

review. Prior research has demonstrated that reviewer agreement is often lower than expected, 

particularly when evaluating novel ideas, emerging methods, or interdisciplinary contributions. 

Bornmann et al. (2010) conducted a meta-analysis of journal peer-review inter-rater reliability (IRR), 

and the results confirm that IRR is limited. Across over 19,000 manuscripts, the mean Cohen's Kappa 

was just 0.17, meaning reviewers agreed only 17% more than chance would predict. Differences in 

reviewers' expertise, methodological preferences, and interpretations of evaluation criteria lead to 

divergent assessments (Cole et al., 1981; Baxt et al., 1998). If human reviewers do not fully agree with 

one another, AI-human disagreement should not automatically be interpreted as evidence of AI failure. 

Instead, comparisons between human and AI reviewers should be considered within the broader context 

of reviewer variability and reliability. Consequently, measures such as inter-rater reliability, variance, 

and consistency are critical for understanding human and AI evaluation processes. This perspective is 

relevant to the present study because it examines not only agreement between humans and AI systems 

but also consistency within and across AI systems over multiple reviews. 

 

2.4 Ethical and Sociological Considerations 

 

These findings must be evaluated alongside broader ethical and institutional concerns. Hosseini and 
Horbach (2023) analyzed AI use across five reviewer dimensions, highlighting opacity, confidentiality 

risks, and poor reproducibility — for example, submitting identical prompts three weeks apart yielded 
markedly different outputs. Unattributed AI use also threatens the credibility of peer review and 
reviewers' skill development. In response, Elsevier (2024) permitted AI for manuscript drafting with 
mandatory disclosure but explicitly prohibited its use in review and editorial decision-making, citing the 
risk of incorrect or biased conclusions, while Farber (2025) advocated a hybrid approach that pairs 
human domain expertise with AI efficiency. These considerations highlight an important distinction: 
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rather than treating agreement with human reviewers as proof of AI accuracy, empirical evaluations 

should examine observable properties of AI assessments — consistency across repeated scoring, cross-
model agreement, score variance, and rank ordering. Collectively, the literature suggests a potential 
tiered model in which AI supports screening and structural evaluation while expert human judgment 

remains central to evaluating novelty, rigor, and merit, as well as to publication decisions. 
 
2.5 Research Gap 

 
Despite this growing evidence, three gaps remain. Little research addresses AI review behavior within 

IS education conferences. Few studies compare multiple contemporary AI systems against the same 
human-reviewed manuscript corpus using a shared rubric — Joachim et al. (2025) is a notable exception, 
though their kappa-based analysis focused on binary accept/reject decisions on a medical manuscript 
sample. And while temporal stability has been examined at the model level, cross-model agreement 
within and across repeated review sessions remains largely unexamined. The present study begins to 
address these gaps by comparing repeated evaluations from ChatGPT, Claude, and Gemini against 
human-reviewer scores on ISCAP conference submissions, assessing agreement, variance, ranking 

behavior, relative scoring differences, and reliability across eight review criteria to inform whether AI-

generated evaluations demonstrate the consistency and alignment needed to support AI-assisted peer 
review. 
 

3. METHODOLOGY 
 

3.1 Human Reviewer Dataset 
 
The dataset consists of a convenience sample of 11 papers submitted to the ISCAP conference (formerly 
EDSIGCON/CONISAR) between 2021 and 2025, along with their original human-reviewer scores. All 11 
manuscripts were accepted for publication and share at least one common co-author. Because ISCAP 
does not archive historical submissions or reviewer scores, this sample reflects all historical reviewer 
data cataloged by the authoring team. Given the small sample size (N=11), the restricted score range 

inherent in accepted papers, and the single-conference context, this study is explicitly structured as an 
exploratory benchmark rather than as a basis for generalized conclusions about AI review capabilities 
across broader academic domains. 
 

 
Table 1. Basic data for the 11 papers. Note # of reviewers for papers 1-2 and 1-4. 

 
3.2 AI Review Generation 

 
All AI reviews were generated using three popular general-purpose GenAI tools: 

• OpenAI’s ChatGPT 5.5 Instant (OpenAI, 2026) 

• Anthropic’s Claude Sonnet 4.6 Low (Anthropic, 2026) 
• Google DeepMind’s Gemini 3.5 Flash (Google DeepMind, 2026) 

 
We used the same rubric as the human reviewers (Figure 1), applied identical instructions and prompts 
across tools, and constrained results to numeric scores from 1 to 5 across eight categories. To generate 
each review, we opened a temporary/incognito chat window, attached the manuscript, attached a file 
containing the rubric in Figure 1, and provided the following prompt: 

Year Paper ID # Human Reviewers # Co-Authors

2021 1-1 3 6

2021 1-2 2 5

2021 1-3 3 3

2021 1-4 4 7

2022 2-1 3 2

2022 2-2 3 4

2022 2-3 3 2

2023 3-1 3 2

2024 4-1 3 2

2025 5-1 3 4

2025 5-2 3 4
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Using the guidance provided by Allen Lee in "Reviewing a Manuscript for Publication" 

(https://allenslee.com/referee.htm), please evaluate the attached manuscript and provide 
rankings on the attached scale for the ISCAP Conference (https://iscap.us/). 

 

 
Figure 1: Rubric used to rate the 8 criteria for each paper 

 
Evaluations were conducted from June to July 2026, with each evaluation initiated in a new temporary 
or incognito chat session. Each paper was uploaded alongside the rubric (Figure 1) and assigned a 1–5 
numeric rating across the eight criteria, following Allen Lee's referee guidance. Originally submitted, 

anonymized manuscript versions were evaluated, matching the versions seen by human reviewers; both 
AI and human reviewers therefore evaluated the same manuscript version under the same blinding 

conditions, eliminating manuscript version or blinding as a source of discrepancy between conditions. 
Each paper was evaluated three times per model, producing 99 total synthetic reviews and 792 individual 
scores. To enable direct comparison with human reviewer sets, evaluations were aggregated both across 
platforms per run (e.g., Run 1 across ChatGPT, Claude, and Gemini) and within platforms across runs 
(e.g., ChatGPT Runs 1–3). 
 

3.3 Measures and Aggregation 
 
Eight evaluation criteria were scored by both human reviewers and AI systems using the conference’s 
five-category ordinal rating scale (Tables 2–3). 
 

Importance to IS/CIS Educators Originality of Approach Clarity of Subject/Paper 

Literature Review Justification of Methodology Summary and Conclusion 

Writing Style Conference Recommendation  

Table 2. Evaluation criteria provided to paper reviewers. 

 

Ordinal Score First 7 Criteria Conference Recommendation only 

1 N/A Not Appropriate for our Audience 

2 Reject Reject 

3 Resubmit w/Changes Resubmit w/Changes 

4 Accept w/Minor Recommend w/Minor 

5 Accept as Submitted Highly Recommended 

Table 3. ISCAP ordinal rating scale guidance provided to the raters (see Figure 1). 

https://allenslee.com/referee.htm
https://iscap.us/
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Because a score of 1 indicates 'N/A' rather than a quality rating below 'Reject' for seven criteria, these 

ratings are strictly ordinal. Human raters assigned four 'N/A' scores, whereas AI raters selected none. 
To mirror conference protocol, these four entries were retained as numerical 1s; a sensitivity check that 
treated them as missing values confirmed that their inclusion slightly increased human variance without 

altering the direction of correlations or the primary score-compression findings. 
 
Once completed, analyses were conducted across eight review groupings: 

• Human reviewers (Human) 
• AI Run 1 (AI1) – the first run from ChatGPT, Claude, and Gemini each 
• AI Run 2 (AI2) 
• AI Run 3 (AI3) 

• ChatGPT runs 1-3 (ChatGPT3) 
• Claude runs 1-3 (Claude3) 
• Gemini runs 1-3 (Gemini3) 
• All nine AI reviews combined (AI-All) 

 
This multi-tiered aggregation scheme supported three analytic perspectives: cross-model agreement 

during a shared evaluation cycle (AI1–AI3), model-specific stability across repeated runs (ChatGPT3, 
Claude3, Gemini3), and overall collective AI behavior (AI-All). 
 
3.4 Analysis Approach 
 
We examined agreement, variance, and consistency via visual and quantitative comparisons, including 
rankings, heat maps, box plots, and histograms. 

 
• RQ1: Human-AI Score Agreement. Analyzed through individual paper score correlations and 

ranking comparisons between humans and AI tools. 
• RQ2: Variance and Scoring Behavior. Examined through distributional comparisons, score 

variance, and mean AI-human scoring differences. 
• RQ3: Stability of AI Scores Over Repeated Runs. Assessed using quantitative comparisons over 

time and between AI systems. Inter-rater reliability was evaluated using Intraclass Correlation 

Coefficients (ICCs) based on Shrout and Fleiss (1979). Depending on rater distribution and 
measurement objective, we calculated single-measure variants -- One-Way Random Effects 

ICC(1,1), Two-Way Random Effects for Absolute Agreement ICC(2,1), and Two-Way Mixed 
Effects for Consistency ICC(3,1) -- and their corresponding average-measure counterparts 
based on k raters: ICC(1,k), ICC(2,k), and ICC(3,k) (McGraw & Wong, 1996). The one-way 
model was applied to the human panel because rater counts varied by paper (2, 3, or 4 

reviewers) and reviewer identities were not matched across papers, whereas the two-way 
models were applied to the AI systems because every paper received a complete, identically 
structured set of model/run ratings. 

 
Statistical calculations were conducted using multiple GenAI tools and web-based statistical calculators. 
Krippendorff’s alpha was calculated using the K-Alpha Calculator (Marzi et al., 2024), with an ordinal 
level of measurement specified. For the primary analyses, N/A ratings were retained as numerical values 

of 1 to mirror the original conference scoring protocol; the sensitivity analysis treated these values as 
missing. 
 

4. RESULTS 

 
Because the 11 papers constitute a small, convenience-based sample, these statistical analyses are 
primarily exploratory. 

 
4.1 Overview of Sample and Descriptive Statistics 
 
The dataset comprises 11 papers reviewed by 33 human reviewers (3 per paper, except papers 1-2 and 
1-4, which had 2 and 4 reviewers, respectively) across eight rubric criteria. Each AI tool reviewed each 
paper three times, producing 99 AI-generated reviews (Appendix A). 

 
Table 4 summarizes the overall mean and standard deviation, while Table 5 presents category-level 
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breakdowns. Human reviewers demonstrated greater score variance across papers and criteria than AI 

systems. In this sample, ChatGPT showed descriptively ~25% less variability than humans, while Claude 
and Gemini showed descriptively ~34% less variability; these are sample differences rather than 
statistically tested effects. Across criteria, human standard deviations ranged from 0.68 to 1.19, 

compared to AI standard deviations generally ranging from 0.39 to 0.74 (excluding ChatGPT's 0.00 SD 
for Summary and Conclusion). 
 

Human ChatGPT Claude Gemini 

4.14 +/- 0.93 3.82 +/- 0.70 3.90 +/- 0.61 3.90 +/- 0.61 

Table 4. Mean and standard deviation for assigned scores by reviewer type. 
 

 
Table 5. Mean and standard deviation for assigned scores by category and reviewer type. 

 
Figure 2 illustrates score frequency distributions. Humans utilized the full 1–5 range, whereas AI systems 

selected no 'N/A' ratings and assigned far fewer 5s, exhibiting a compressed score distribution. 
 

 
Figure 2: Histogram of the 264 scores assigned by each of the various reviewers. 

 
Table 6 presents mean paper scores as a heat map (complete heat maps are in Appendices B, D, and 
E). 
 

4.2 RQ1: Human-AI Score Agreement 

 
RQ1: To what extent do AI-generated review scores correlate with human-reviewer scores? 
 
Overall, human-AI rating agreement was weak to negative across most settings, indicating limited 
alignment between human and AI scores. Table 7 presents criterion-level associations. The strongest 

positive association was observed for Importance to IS/CIS Educators (r = 0.753, ChatGPT). The 
strongest inverse association was observed for Claude on Writing Style (ρ = -0.778), with a similarly 
strong inverse Pearson association for Clarity of Subject/Paper (r = -0.688). 

Category Human ChatGPT Claude Gemini

Conference Recommendation 4.33 +/- 0.68 3.58 +/- 0.49 3.82 +/- 0.52 3.64 +/- 0.59

Importance to IS/CIS Educators 4.21 +/- 0.98 4.58 +/- 0.55 4.39 +/- 0.49 4.12 +/- 0.59

Originality of Approach 4.15 +/- 0.70 3.64 +/- 0.54 3.73 +/- 0.45 3.36 +/- 0.69

Clarity of Subject/Paper 4.27 +/- 0.79 4.18 +/- 0.46 3.94 +/- 0.65 4.24 +/- 0.43

Literature Review 4.09 +/- 1.19 3.48 +/- 0.74 3.76 +/- 0.70 3.48 +/- 0.74

Justification of Methodology 3.97 +/- 1.06 2.88 +/- 0.41 3.48 +/- 0.66 3.15 +/- 0.74

Summary and Conclusion 3.97 +/- 0.83 4.00 +/- 0.00 3.97 +/- 0.39 3.88 +/- 0.48

Writing Style 4.15 +/- 0.99 4.21 +/- 0.41 4.12 +/- 0.48 4.64 +/- 0.48
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Table 6. Mean score heat map by paper across categories for each rater type. Note: Color 

gradients in Table 6 and Appendices B and D apply a relative 3-color scale (Green = 5.00/High, Yellow 
= 3.50–4.00/Moderate, Red = 1.00–2.50/Low) to visually emphasize score distributions and highlight 

divergence across evaluation criteria and rater groups. 

 

 
Table 7. Measures of association between humans and the different AI tools. Note: Given the 
small sample size (N=11), the correlation estimates are highly uncertain. For example, the strongest 

observed Pearson correlation (r = 0.753) has an approximate 95% CI of [0.29, 0.93], while a 
correlation of r = 0.10 has an approximate 95% CI of [-0.53, 0.66]. Accordingly, the correlations in 
Table 7 should be interpreted as exploratory estimates rather than precise measures of association. 

 

At the paper level, human and AI rank ordering showed limited overlap (Table 8). There was no overlap 
with human raters’ #1 or #2 papers, and only partial overlap with #3. The humans’ #2 paper was 
ranked last by all AI groups. Conversely, AI groups showed notable mutual overlap on papers 5-1 and 
5-2; paper 5-1 ranked in the top 3 across all AI groupings but second-to-last among human reviewers. 
Overall paper rankings in Table 8 were calculated as the unweighted mean across all eight rubric criteria 
for each reviewer group, treating each criterion as equally important; no criterion-specific weighting was 

applied. 
 

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 4.00 4.50 4.33 4.75 3.67 5.00 4.33 4.67 4.67 3.67 4.00

Importance to IS/CIS Educators 3.33 3.00 4.67 4.75 3.33 4.33 4.67 4.67 4.33 4.00 4.67

Originality of Approach 3.33 5.00 4.67 4.50 3.67 4.00 4.00 4.00 4.00 4.00 4.67

Clarity of Subject/Paper 4.00 5.00 4.33 4.75 3.00 5.00 4.33 4.67 4.67 3.67 3.67

Literature Review 4.33 4.50 4.33 5.00 2.00 5.00 3.00 4.67 4.67 3.33 4.00

Justification of Methodology 3.67 4.50 4.00 4.75 2.67 4.00 3.00 5.00 4.67 3.33 4.00

Summary and Conclusion 4.00 5.00 4.33 4.50 2.67 4.00 4.00 4.33 4.67 3.00 3.33

Writing Style 4.00 5.00 4.67 4.50 3.00 5.00 4.33 4.33 3.33 3.33 4.33

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 4.00 3.00 3.00 3.33 3.67 3.67 3.67 3.33 3.67 4.00 4.00

Importance to IS/CIS Educators 4.33 3.67 4.67 5.00 4.00 4.67 4.67 5.00 5.00 5.00 4.33

Originality of Approach 3.00 3.00 4.33 3.67 3.00 3.67 3.67 3.67 4.00 4.00 4.00

Clarity of Subject/Paper 4.33 4.00 3.67 4.00 4.67 4.33 4.00 4.67 4.00 4.00 4.33

Literature Review 3.33 2.67 3.00 4.33 3.00 4.33 3.00 3.00 3.67 3.67 4.33

Justification of Methodology 3.00 3.00 2.33 2.67 3.00 2.67 2.67 3.00 3.33 3.00 3.00

Summary and Conclusion 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

Writing Style 4.33 4.00 4.00 4.00 4.67 4.33 4.00 4.67 4.00 4.00 4.33

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 3.33 4.00 3.67 3.67 4.33 3.67 4.00 3.67 4.00 4.00

Importance to IS/CIS Educators 4.33 4.00 4.33 4.67 4.67 5.00 4.00 4.67 4.00 4.00 4.67

Originality of Approach 3.33 3.00 4.00 3.33 4.00 4.00 3.67 4.00 3.67 4.00 4.00

Clarity of Subject/Paper 4.33 3.67 3.00 3.67 4.00 4.33 4.00 4.00 4.00 4.00 4.33

Literature Review 3.67 2.67 3.67 3.67 4.00 4.33 3.33 3.67 4.33 4.67 3.33

Justification of Methodology 3.33 3.00 3.00 3.00 3.33 3.33 3.33 4.67 3.67 4.33 3.33

Summary and Conclusion 3.67 4.00 4.00 4.00 3.67 4.33 4.33 4.00 4.00 4.00 3.67

Writing Style 4.33 3.67 4.00 3.67 4.33 4.33 4.33 4.00 4.00 4.00 4.67

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 2.67 4.00 3.33 4.00 3.33 3.67 3.33 3.67 4.33 4.00

Importance to IS/CIS Educators 4.00 3.00 4.33 4.33 4.33 4.00 4.00 4.00 4.00 4.67 4.67

Originality of Approach 3.00 2.33 4.00 3.33 3.33 3.00 3.00 3.00 3.33 4.33 4.33

Clarity of Subject/Paper 4.33 4.00 4.00 4.00 4.00 4.00 4.00 4.67 4.33 4.67 4.67

Literature Review 3.33 2.00 3.33 3.67 3.33 4.00 2.67 3.67 4.00 4.00 4.33

Justification of Methodology 3.00 2.67 3.00 2.33 3.33 2.33 3.00 3.67 4.00 4.00 3.33

Summary and Conclusion 4.00 3.33 4.00 3.33 4.33 3.67 4.00 4.33 3.67 4.00 4.00

Writing Style 4.67 4.00 5.00 4.33 5.00 4.67 4.67 4.67 4.33 5.00 4.67

Human - mean

ChatGPT - mean

Claude - mean

Gemini - mean

Category Pearson r Spearman rho Pearson r Spearman rho Pearson r Spearman rho

Conference Recommendation -0.497 -0.526 -0.509 -0.361 -0.238 -0.146

Importance to IS/CIS Educators 0.753 0.571 0.137 0.276 0.570 0.421

Originality of Approach 0.322 0.384 0.330 0.272 0.071 0.161

Clarity of Subject/Paper -0.340 -0.246 -0.688 -0.637 -0.044 0.051

Literature Review 0.380 0.377 -0.095 -0.028 -0.214 -0.076

Justification of Methodology 0.127 0.106 -0.044 0.053 0.054 0.211

Summary and Conclusion n/a n/a -0.168 -0.091 -0.224 -0.307

Writing Style -0.212 -0.242 -0.642 -0.778 -0.131 0.068

ChatGPT Claude Gemini
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Table 8: Comparing top-ranked papers among reviewer groups (Section 3.3). 

 
Examination of the two largest human–AI ranking reversals suggests that different mechanisms 
contributed to the discrepancies. For Paper 5-1, which ranked near the top for AI but near the bottom 

for humans, the human ratings showed substantial inter-reviewer variation, with one reviewer assigning 
markedly lower scores than the others. In contrast, Paper 1-2 received consistently high human scores 
on most criteria but substantially lower AI scores for Originality of Approach, Literature Review, and 

Justification of Methodology. Thus, the largest ranking reversals appear to reflect both human inter-
reviewer variability and criterion-specific differences between human and AI evaluations. 
 
4.3 RQ2: Variance and Scoring Behavior 
 
RQ2: Does AI demonstrate different scoring variances than humans? 
 

AI-human scoring differences were calculated by subtracting the human mean score from the AI mean 
score for each criterion (Figure 3 and Table 9). Positive values indicate relative AI leniency and negative 
values indicate relative AI severity. 
 

 
Figure 3: Box plots of the difference between the mean score for all 9 AI runs and the mean 

score for all human ratings across the 11 papers. 
 
 

Paper Human AI1 AI2 AI3 AI-All ChatGPT3 Claude3 Gemini3

1-1 9 4 8 9 7 7 7 7

1-2 2 11 11 11 11 11 11 11

1-3 5 7 6 7 8 10 9 5

1-4 1 10 9 8 9 6 10 8

2-1 11 6 4 6 6 8 5 4

2-2 4 9 2 3 4 3 1 9

2-3 8 8 10 10 10 9 8 10

3-1 3 5 1 5 3 5 3 3

4-1 6 3 7 4 5 4 6 6

5-1 10 1 3 1 1 2 2 1

5-2 7 2 5 2 2 1 4 2
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AI Severity AI Leniency Even 

Conference Recommendation Importance to IS/CIS Educators Clarity of Subject/Paper 

Originality of Approach Writing Style Summary and Conclusion 

Literature Review   

Justification of Methodology   

Table 9. Distribution of review categories by AI severity, leniency, or evenness. 
 
Broken out by model (Figure 4 and Table 10), Claude displayed higher leniency for Importance to IS/CIS 
Educators, Gemini was most severe on Originality of Approach, and ChatGPT exhibited the strongest 
severity toward Justification of Methodology (-1.08). Gemini showed notable leniency on Writing Style 
(+0.42). 

 

 
Figure 4: Box plots of the mean difference broken out by specific AI tools. Note: The first 

panel is a smaller version of Figure 3. 

 

 
Table 10: Mean AI-human scoring differences by AI tool; negative values (red) indicate 

relative AI severity and positive values (green) indicate relative AI leniency. 

 
4.4 RQ3: Stability of AI Scores Over Repeated Runs 
 

RQ3: How stable are AI-generated evaluations across repeated review sessions? 
 
Krippendorff’s Alpha and ICC results (Appendix C) provide two complementary perspectives on AI 
reliability: stability of each individual model across repeated evaluations and agreement among different 

AI models. 
 
Within-model stability. To evaluate the stability of each AI model across its three repeated 
evaluations, the three runs were treated as a fixed set of raters and evaluated using two-way mixed-
effects consistency ICCs, ICC(3,1) and ICC(3,3). Results for ChatGPT, Claude, and Gemini varied 
substantially across criteria (Appendix C), indicating that repeated evaluations by the same model were 
more stable for some rubric dimensions than others. Originality of Approach showed relatively strong 

Category All AI ChatGPT Claude Gemini

Conference Recommendation -0.65 -0.75 -0.51 -0.66

Importance to IS/CIS Educators 0.20 0.42 0.23 0.04

Originality of Approach -0.59 -0.53 -0.44 -0.74

Clarity of Subject/Paper -0.16 -0.10 -0.34 -0.07

Literature Review -0.50 -0.59 -0.32 -0.59

Justification of Methodology -0.79 -1.08 -0.48 -0.77

Summary and Conclusion -0.04 0.02 -0.02 -0.09

Writing Style 0.16 0.05 -0.05 0.42
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repeated-run stability across the AI models, while several other criteria showed considerably weaker 

stability. These results indicate that repeated evaluations from the same model are not fully 
deterministic. 
 

Cross-model agreement. A separate analysis examined agreement among ChatGPT, Claude, and 
Gemini within each evaluation run. Because this analysis concerns absolute agreement among different 
models, two-way random-effects ICCs, ICC(2,1) and ICC(2,3), were used. Across Runs 1 and 2, 
ICC(2,3) values of 0.653 and 0.592 indicated moderate cross-model agreement. In Run 3, however, 
ICC(2,3) fell to -0.818. The corresponding consistency estimate, ICC(3,3), was -1.080. Negative sample 
ICC estimates can occur when within-paper disagreement exceeds the estimated between-paper 
variance. Thus, the negative estimates observed in Run 3 indicate very poor reliability among the three 

models for this sample and should not be interpreted as evidence that the models systematically rated 
papers in opposite directions. 
 
Given the small sample of 11 papers, these reliability estimates should be interpreted as exploratory. 
Confidence intervals around the estimates are expected to be wide. 
 

4.5 Results Summary 
 
Taken together, the results suggest: 
 

1. Human and AI review scores showed weak to negative overall agreement. 
2. AI scores exhibited lower variance than human scores, while repeated-run reliability varied 

across models and evaluation criteria. 

3. AI scoring displayed a relative severity pattern for four of the eight categories. 
4. Rank-ordered comparisons showed minimal overlap between AI and human judgments for top 

papers. 
 

5. DISCUSSION 
 
AI systems exhibited lower variance in scores than human reviewers but reached different conclusions 

about paper quality. Human reviewers exhibited modest agreement across criteria, reflecting the 
inherent variability of scholarly peer review. AI repeated-run reliability varied across models and 

evaluation criteria, while agreement with human reviewers remained weak. This distinction between 
reliability and agreement is critical: an evaluator can be internally consistent while applying evaluation 
standards that differ substantially from human raters. 
 

5.1 Human-AI Agreement 
 
While generative AI models exhibited lower variance in scores than human reviewers, they did not 
replicate human evaluative outcomes. Weak or negative human-AI correlations were driven by divergent 
paper rankings (e.g., papers 5-1 and 5-2 were top-ranked by AI but low-ranked by humans). One 
possible explanation for this divergence is that human reviewers may place greater weight on domain 
novelty, methodological rigor, and contextual significance, whereas AI models may respond more 

strongly to structural and presentation attributes. Because the present study analyzes numerical scores 
rather than reviewer reasoning, this interpretation requires further validation. Furthermore, because 
human inter-rater reliability was low across several categories, AI-human disagreement partly reflects 
the inherently subjective nature of human peer review. 

 
5.2 Variance, Score Compression, and Relative Severity/Leniency 
 

Across nearly every analysis, AI systems exhibited lower score variability than human reviewers. By 
selecting no 'N/A' ratings and assigning fewer perfect scores, AI models demonstrated score 
compression, concentrating evaluations toward the middle of the scale. While this compression reduces 
scoring variability, it may also limit AI's ability to distinguish exceptional papers. Additionally, AI scoring 
showed a consistent pattern of relative severity toward Conference Recommendation, Originality, 
Literature Review, and Methodology, and relative leniency toward Importance to Educators and Writing 

Style, when measured against the human reviewer baseline. This pattern may reflect differences in how 
AI and human reviewers weight observable structural characteristics and domain-specific 
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considerations, although the present study does not directly measure reviewer reasoning. 

 
5.3 Stability of AI Evaluations 
 

Repeated evaluations indicate that AI-generated reviews are non-deterministic, with stability varying 
across models and evaluation criteria. Scoring variations across criteria, such as Clarity of 
Subject/Paper, demonstrate that LLMs can reach different conclusions on identical manuscripts under 
identical instructions. The mixed reliability results, including poor cross-model agreement in one 
evaluation run, reinforce the need for caution when considering AI-generated evaluations as substitutes 
for human reviewers. 
 

5.4 Implications for AI-Assisted Peer Review 
 
Through a BPR lens, AI provides value by enabling a structural redesign of the peer-review workflow to 
optimize task allocation. The empirical findings suggest a potential division of labor within a reengineered 
review process. The observed scoring patterns indicate that AI may be useful in supporting the 
evaluation of more directly observable structural and mechanical dimensions, while substantive 

judgments concerning novelty, methodological rigor, and publication merit remain the appropriate 
responsibility of expert human reviewers. This proposed allocation should be evaluated directly in future 
research. 
 
5.5 Discussion Summary 
 
In summary, contemporary LLMs cannot substitute for human reviewers because they exhibit score 

compression, display a systematic severity pattern relative to the human baseline, and produce paper 
rankings that diverge from human reviewer rankings. However, their lower scoring variability and ability 
to apply a common evaluation rubric suggest a potential supporting role for mechanical evaluation tasks 
within a reengineered peer-review process. 
 
5.6 Limitations 
 

This study has several limitations that should be considered when interpreting the results.  
• Sample Constraints: The sample is limited to 11 accepted ISCAP papers sharing at least one 

co-author, serving as an exploratory benchmark rather than a basis for generalized conclusions. 
The authors are currently working with ISCAP conference organizers to obtain a substantially 
larger sample (likely 100+ papers, pending author permission) from this year's submissions, 
including rejected manuscripts, to address this limitation in future work. 

• Absence of Rejections: With no rejected papers available, the study could not evaluate AI 
systems' ability to identify unacceptable submissions. 

• Human Benchmark Variability: Modest agreement among human reviewers indicates that 
AI-human divergence partly reflects underlying human disagreement. 

• Measurement Scale: Because a score of 1 denotes "N/A" rather than a quality judgment below 
"Reject" for seven of the eight criteria, these ratings are ordinal rather than true Likert-interval 
data. A sensitivity check confirmed this did not alter the study's primary conclusions, but means, 

correlations, and reliability coefficients calculated on this scale should be interpreted 
accordingly. 

• Reviewer Expertise: Human reviewer expertise and domain familiarity were not controlled or 
measured, and may vary across the original review panels in ways that also contribute to 

human-AI disagreement. 
• Prior Model Exposure: Because all sample papers were previously accepted and are potentially 

indexed online, current AI models may have encountered these manuscripts (or citing works) 

during pretraining, which could influence scores in ways not present when evaluating truly 
unseen submissions. 

• Temporal Snapshot: Evaluated AI model versions represent a specific snapshot in time (mid-
2026); future architectures may display different scoring behaviors. 

• Quantitative Focus: The study focused on numerical scores without qualitative text analysis 
of reviewer comments. 

 
Despite these limitations, the study provides a rare comparison of three leading AI systems against 
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actual evaluations by human reviewers. The use of multiple AI platforms, repeated review sessions, and 

several complementary measures of agreement, severity/leniency, and reliability provides an initial 
empirical foundation for understanding how generative AI may augment the scholarly review process in 
the future. 

 
6. CONCLUSIONS & FUTURE WORK 

 
Applying a Business Process Reengineering (BPR) framework, this study evaluated Generative AI as a 
workflow-enabling technology rather than a replacement for human judgment. AI systems exhibited 
lower variance in scores than human reviewers (RQ2), while repeated-run reliability varied across 
models and evaluation criteria (RQ3). AI evaluations also diverged substantially from human outcomes 

and top-paper rankings (RQ1), exhibiting score compression, relative methodological severity, and 
relative writing-style leniency. Furthermore, variation across repeated runs demonstrates that current 
LLM evaluations are not fully deterministic. 
 
Collectively, these results suggest a potential role for GenAI within a hybrid review architecture, 
including upstream support for structural, mechanical, and formatting evaluation while retaining human 

authority over research innovation, methodological rigor, and publication decisions. The effectiveness 
of such a division of labor requires further empirical validation. 
 
6.1 Future Work 
 
Future research should expand this exploratory benchmark in three directions. First, the authors are 
working with ISCAP conference organizers to obtain this year's submitted manuscripts and associated 

reviewer scores, pending author permission, which would provide a substantially larger sample (likely 
100+ papers) than the present study's 11. Critically, this dataset would include both rejected and 
accepted submissions, allowing a direct test of whether AI systems can meaningfully distinguish paper 
quality across the full acceptance-range distribution rather than only among already accepted work. 
Second, repeating this evaluation with updated or fine-tuned model versions would indicate whether the 
observed score compression and weak human-AI agreement are stable properties of current LLMs or 
artifacts of the specific models and prompting approach used here. Third, incorporating qualitative 

analysis of AI-generated review text, alongside the numeric scores examined in this study, would clarify 
whether AI reasoning aligns with human reviewers' stated rationale even when final scores diverge. 
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Appendix A – All Scores by Reviewer Type 
 

 
Figure A-1: All human-reviewer scores; note highlighted cells call attention to the papers 

that have 4 and 2 human reviews versus the standard 3. 
 

 
Figure A-2: All AI-reviewer scores; each paper was reviewed 3 times by each AI. 

 

  

Humans

Conference Recommendation 4 4 4 5 4 2 4 5 5 5 5 4 5 4 4 5 5 5 4 4 3 5 5 4 5 4 5 4 5 4 4 4 4

Importance to IS/CIS Educators 5 5 4 5 5 2 4 5 4 5 5 4 5 4 5 4 5 4 3 4 3 4 5 5 5 4 5 5 1 5 3 4 3

Originality of Approach 4 5 5 5 4 3 3 4 5 4 4 4 4 4 4 3 5 4 4 4 3 4 5 5 4 4 5 5 5 5 3 3 4

Clarity of Subject/Paper 3 4 4 5 3 3 4 5 5 5 5 4 5 4 4 5 5 5 3 4 2 5 4 5 5 4 4 5 5 5 4 4 4

Literature Review 5 4 3 3 5 2 4 5 5 5 5 4 4 4 1 5 5 5 3 1 2 5 5 5 5 3 5 5 4 5 4 4 5

Justification of Methodology 4 4 4 4 4 2 4 5 5 5 5 5 4 4 1 3 5 4 3 4 1 4 5 5 5 3 4 5 4 5 3 4 4

Summary and Conclusion 3 4 3 4 3 2 4 5 5 4 5 4 4 4 4 3 5 4 3 3 2 4 4 5 5 4 4 5 5 5 4 4 4

Writing Style 4 4 5 4 4 2 4 5 1 5 5 3 5 4 4 5 5 5 3 4 2 5 4 4 5 4 5 5 5 5 4 4 4

2-25-2 5-1 4-1 3-1 2-3 2-1 1-4 1-3 1-2 1-1

ChatGPT 5-2 5-1 4-1 3-1 2-3 2-2 2-1 1-4 1-3 1-2 1-1

Conference Recommendation 4 4 4 4 4 4 3 4 4 3 4 3 4 4 3 3 4 4 4 4 3 3 4 3 3 3 3 3 3 3 4 4 4

Importance to IS/CIS Educators 4 4 5 5 5 5 5 5 5 5 5 5 4 5 5 4 5 5 4 4 4 5 5 5 4 5 5 4 3 4 4 4 5

Originality of Approach 4 4 4 4 4 4 4 4 4 3 4 4 3 4 4 3 4 4 3 3 3 3 4 4 4 4 5 3 3 3 3 3 3

Clarity of Subject/Paper 5 4 4 4 4 4 4 4 4 4 5 5 4 4 4 4 5 4 4 5 5 4 4 4 3 4 4 4 4 4 4 5 4

Literature Review 3 5 5 3 4 4 3 4 4 3 3 3 3 3 3 4 4 5 3 3 3 4 5 4 3 3 3 3 2 3 3 4 3

Justification of Methodology 3 3 3 3 3 3 3 4 3 3 3 3 3 3 2 2 3 3 3 3 3 3 3 2 2 2 3 3 3 3 3 3 3

Summary and Conclusion 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4

Writing Style 5 4 4 4 4 4 4 4 4 4 5 5 4 4 4 4 5 4 4 5 5 4 4 4 4 4 4 4 4 4 4 5 4

Claude 5-2 5-1 4-1 3-1 2-3 2-2 2-1 1-4 1-3 1-2 1-1

Conference Recommendation 4 4 4 4 4 4 4 3 4 4 4 4 4 3 4 4 5 4 3 5 3 4 4 3 4 4 4 3 4 3 4 4 3

Importance to IS/CIS Educators 5 4 5 4 4 4 4 4 4 5 5 4 4 4 4 5 5 5 5 5 4 5 5 4 5 4 4 4 4 4 5 4 4

Originality of Approach 4 4 4 4 4 4 4 3 4 4 4 4 4 3 4 4 4 4 4 4 4 4 3 3 4 4 4 3 3 3 4 3 3

Clarity of Subject/Paper 5 4 4 4 4 4 4 4 4 5 4 3 4 3 5 4 5 4 4 5 3 3 4 4 3 3 3 3 4 4 5 4 4

Literature Review 4 3 3 4 5 5 5 4 4 4 4 3 3 3 4 4 5 4 4 4 4 4 4 3 4 4 3 2 3 3 4 4 3

Justification of Methodology 4 3 3 4 5 4 4 3 4 5 5 4 3 3 4 3 4 3 3 4 3 3 3 3 3 3 3 3 3 3 4 3 3

Summary and Conclusion 4 4 3 4 4 4 4 4 4 4 4 4 4 4 5 4 5 4 4 4 3 4 4 4 4 4 4 4 4 4 4 3 4

Writing Style 5 4 5 4 4 4 4 4 4 4 4 4 4 4 5 4 5 4 4 5 4 4 3 4 4 4 4 3 4 4 5 4 4

Gemini 5-2 5-1 4-1 3-1 2-3 2-2 2-1 1-4 1-3 1-2 1-1

Conference Recommendation 4 4 4 5 4 4 4 3 4 3 4 3 4 4 3 3 3 4 4 4 4 3 3 4 4 4 4 3 3 2 4 3 4

Importance to IS/CIS Educators 4 5 5 5 4 5 4 4 4 4 4 4 4 4 4 4 4 4 4 4 5 4 4 5 4 5 4 4 3 2 4 4 4

Originality of Approach 4 4 5 4 4 5 4 3 3 3 3 3 3 3 3 3 3 3 3 3 4 3 3 4 4 4 4 3 2 2 3 3 3

Clarity of Subject/Paper 5 4 5 5 4 5 5 4 4 4 5 5 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 5

Literature Review 4 5 4 4 4 4 4 4 4 3 4 4 3 3 2 4 4 4 4 3 3 3 4 4 3 4 3 2 2 2 3 3 4

Justification of Methodology 3 3 4 5 3 4 5 3 4 4 4 3 3 3 3 2 2 3 3 3 4 2 2 3 3 3 3 3 2 3 3 3 3

Summary and Conclusion 4 4 4 4 4 4 4 4 3 4 5 4 4 4 4 4 3 4 4 5 4 3 3 4 4 4 4 4 3 3 4 4 4

Writing Style 5 4 5 5 5 5 5 4 4 4 5 5 5 4 5 4 5 5 5 5 5 4 4 5 5 5 5 4 4 4 5 5 4
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Appendix B – Mean Category Scores by Paper by Reviewer Groups 
 

 
Table B-1: Means across all rater sets for 8 criteria across the 11 papers.  

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 4.00 4.50 4.33 4.75 3.67 5.00 4.33 4.67 4.67 3.67 4.00

Importance to IS/CIS Educators 3.33 3.00 4.67 4.75 3.33 4.33 4.67 4.67 4.33 4.00 4.67

Originality of Approach 3.33 5.00 4.67 4.50 3.67 4.00 4.00 4.00 4.00 4.00 4.67

Clarity of Subject/Paper 4.00 5.00 4.33 4.75 3.00 5.00 4.33 4.67 4.67 3.67 3.67

Literature Review 4.33 4.50 4.33 5.00 2.00 5.00 3.00 4.67 4.67 3.33 4.00

Justification of Methodology 3.67 4.50 4.00 4.75 2.67 4.00 3.00 5.00 4.67 3.33 4.00

Summary and Conclusion 4.00 5.00 4.33 4.50 2.67 4.00 4.00 4.33 4.67 3.00 3.33

Writing Style 4.00 5.00 4.67 4.50 3.00 5.00 4.33 4.33 3.33 3.33 4.33

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 4.00 3.00 3.00 3.33 3.67 3.67 3.67 3.33 3.67 4.00 4.00

Importance to IS/CIS Educators 4.33 3.67 4.67 5.00 4.00 4.67 4.67 5.00 5.00 5.00 4.33

Originality of Approach 3.00 3.00 4.33 3.67 3.00 3.67 3.67 3.67 4.00 4.00 4.00

Clarity of Subject/Paper 4.33 4.00 3.67 4.00 4.67 4.33 4.00 4.67 4.00 4.00 4.33

Literature Review 3.33 2.67 3.00 4.33 3.00 4.33 3.00 3.00 3.67 3.67 4.33

Justification of Methodology 3.00 3.00 2.33 2.67 3.00 2.67 2.67 3.00 3.33 3.00 3.00

Summary and Conclusion 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

Writing Style 4.33 4.00 4.00 4.00 4.67 4.33 4.00 4.67 4.00 4.00 4.33

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 3.33 4.00 3.67 3.67 4.33 3.67 4.00 3.67 4.00 4.00

Importance to IS/CIS Educators 4.33 4.00 4.33 4.67 4.67 5.00 4.00 4.67 4.00 4.00 4.67

Originality of Approach 3.33 3.00 4.00 3.33 4.00 4.00 3.67 4.00 3.67 4.00 4.00

Clarity of Subject/Paper 4.33 3.67 3.00 3.67 4.00 4.33 4.00 4.00 4.00 4.00 4.33

Literature Review 3.67 2.67 3.67 3.67 4.00 4.33 3.33 3.67 4.33 4.67 3.33

Justification of Methodology 3.33 3.00 3.00 3.00 3.33 3.33 3.33 4.67 3.67 4.33 3.33

Summary and Conclusion 3.67 4.00 4.00 4.00 3.67 4.33 4.33 4.00 4.00 4.00 3.67

Writing Style 4.33 3.67 4.00 3.67 4.33 4.33 4.33 4.00 4.00 4.00 4.67

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 2.67 4.00 3.33 4.00 3.33 3.67 3.33 3.67 4.33 4.00

Importance to IS/CIS Educators 4.00 3.00 4.33 4.33 4.33 4.00 4.00 4.00 4.00 4.67 4.67

Originality of Approach 3.00 2.33 4.00 3.33 3.33 3.00 3.00 3.00 3.33 4.33 4.33

Clarity of Subject/Paper 4.33 4.00 4.00 4.00 4.00 4.00 4.00 4.67 4.33 4.67 4.67

Literature Review 3.33 2.00 3.33 3.67 3.33 4.00 2.67 3.67 4.00 4.00 4.33

Justification of Methodology 3.00 2.67 3.00 2.33 3.33 2.33 3.00 3.67 4.00 4.00 3.33

Summary and Conclusion 4.00 3.33 4.00 3.33 4.33 3.67 4.00 4.33 3.67 4.00 4.00

Writing Style 4.67 4.00 5.00 4.33 5.00 4.67 4.67 4.67 4.33 5.00 4.67

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.78 3.00 3.67 3.44 3.78 3.78 3.67 3.56 3.67 4.11 4.00

Importance to IS/CIS Educators 4.22 3.56 4.44 4.67 4.33 4.56 4.22 4.56 4.33 4.56 4.56

Originality of Approach 3.11 2.78 4.11 3.44 3.44 3.56 3.44 3.56 3.67 4.11 4.11

Clarity of Subject/Paper 4.33 3.89 3.56 3.89 4.22 4.22 4.00 4.44 4.11 4.22 4.44

Literature Review 3.44 2.44 3.33 3.89 3.44 4.22 3.00 3.44 4.00 4.11 4.00

Justification of Methodology 3.11 2.89 2.78 2.67 3.22 2.78 3.00 3.78 3.67 3.78 3.22

Summary and Conclusion 3.89 3.78 4.00 3.78 4.00 4.00 4.11 4.11 3.89 4.00 3.89

Writing Style 4.44 3.89 4.33 4.00 4.67 4.44 4.33 4.44 4.11 4.33 4.56

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 4.00 3.00 3.67 3.67 3.67 3.33 4.00 3.33 3.67 4.33 4.00

Importance to IS/CIS Educators 4.33 4.00 4.33 4.33 4.33 4.33 4.00 4.67 4.33 4.67 4.33

Originality of Approach 3.33 3.00 4.00 4.00 3.33 3.33 3.33 3.33 4.00 4.00 4.00

Clarity of Subject/Paper 4.33 3.67 3.33 3.33 4.00 4.00 4.00 4.33 4.33 4.33 5.00

Literature Review 3.33 2.33 3.33 3.33 3.67 4.00 3.00 3.33 4.00 3.67 3.67

Justification of Methodology 3.33 3.00 2.67 2.67 3.00 2.33 3.00 4.00 4.00 4.00 3.33

Summary and Conclusion 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

Writing Style 4.67 3.67 4.33 4.33 4.33 4.00 4.33 4.00 4.33 4.33 5.00

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 3.00 3.67 3.67 4.33 4.00 3.67 4.00 3.33 4.00 4.00

Importance to IS/CIS Educators 4.00 3.38 4.67 4.67 4.33 4.67 4.33 4.67 4.33 4.33 4.33

Originality of Approach 3.00 2.67 4.00 3.33 3.33 3.67 3.67 3.67 3.33 4.00 4.00

Clarity of Subject/Paper 4.33 4.00 3.67 4.00 4.67 4.67 4.33 4.67 4.00 4.00 4.00

Literature Review 3.67 2.52 3.67 4.33 3.33 4.33 3.00 3.67 4.00 4.33 4.33

Justification of Methodology 3.00 2.81 2.67 2.67 3.33 3.00 3.33 4.00 3.33 3.67 3.00

Summary and Conclusion 3.67 3.67 4.00 3.67 4.33 4.00 4.33 4.33 4.00 4.00 4.00

Writing Style 4.67 4.00 4.33 3.67 5.00 5.00 4.67 4.67 4.00 4.33 4.00

Category 1-1 1-2 1-3 1-4 2-1 2-2 2-3 3-1 4-1 5-1 5-2

Conference Recommendation 3.67 3.00 3.67 3.33 3.33 4.00 3.33 3.33 4.00 4.00 4.00

Importance to IS/CIS Educators 4.33 3.67 4.33 4.67 4.33 4.67 4.33 4.33 4.33 4.67 5.00

Originality of Approach 3.00 2.67 4.33 3.67 3.67 3.67 3.33 3.67 3.67 4.33 4.33

Clarity of Subject/Paper 4.33 4.00 3.67 4.00 4.00 4.00 3.67 4.33 4.00 4.33 4.33

Literature Review 3.33 2.67 3.00 3.67 3.33 4.33 3.00 3.33 4.00 4.33 4.00

Justification of Methodology 3.00 2.67 3.00 2.67 3.33 3.00 2.67 3.33 3.67 3.67 3.33

Summary and Conclusion 4.00 3.67 4.00 4.00 3.67 4.00 4.00 4.00 3.67 4.00 3.67

Writing Style 4.00 4.00 4.33 4.33 4.67 4.33 4.00 4.67 4.00 4.33 4.67

AI - Run 1

AI - Run 2

AI - Run 3

Human - mean

ChatGPT - mean

Claude - mean

Gemini - mean

All AI - mean
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Appendix C – Inter-rater Reliability Scores for Reviewer Groups 
 

 
Table C-1: ICC values across rater sets for 8 criteria across the 11 papers. 

 

Category Krippendorff's Alpha ICC(1,1) ICC(1,k0)

Conference Recommendation 0.170 0.130 0.309

Importance to IS/CIS Educators 0.029 -0.045 -0.149

Originality of Approach 0.153 0.158 0.360

Clarity of Subject/Paper 0.438 0.444 0.705

Literature Review 0.319 0.414 0.679

Justification of Methodology 0.425 0.282 0.541

Summary and Conclusion 0.528 0.531 0.772

Writing Style 0.233 0.159 0.362

Human

Category Krippendorff's Alpha ICC(2,1) ICC(2,3) ICC(3,1) ICC(3,3)

Conference Recommendation 0.278 0.318 0.583 0.359 0.627

Importance to IS/CIS Educators 0.413 0.459 0.718 0.520 0.765

Originality of Approach 0.513 0.537 0.777 0.630 0.837

Clarity of Subject/Paper 0.156 0.189 0.412 0.206 0.438

Literature Review 0.509 0.497 0.748 0.538 0.777

Justification of Methodology 0.120 0.123 0.296 0.121 0.292

Summary and Conclusion n/a n/a n/a n/a n/a

Writing Style 0.121 0.138 0.324 0.143 0.333

ChatGPT

Category Krippendorff's Alpha ICC(2,1) ICC(2,3) ICC(3,1) ICC(3,3)

Conference Recommendation -0.072 -0.087 -0.316 -0.089 -0.324

Importance to IS/CIS Educators 0.262 0.310 0.574 0.365 0.633

Originality of Approach 0.407 0.444 0.706 0.500 0.750

Clarity of Subject/Paper 0.033 0.000 0.000 0.000 0.000

Literature Review 0.371 0.415 0.681 0.423 0.687

Justification of Methodology 0.380 0.467 0.724 0.455 0.714

Summary and Conclusion 0.023 0.000 0.000 0.000 0.000

Writing Style 0.093 0.079 0.205 0.073 0.191

Claude

Category Krippendorff's Alpha ICC(2,1) ICC(2,3) ICC(3,1) ICC(3,3)

Conference Recommendation 0.306 0.339 0.606 0.325 0.591

Importance to IS/CIS Educators 0.267 0.328 0.594 0.310 0.574

Originality of Approach 0.663 0.647 0.846 0.671 0.859

Clarity of Subject/Paper 0.200 0.219 0.457 0.226 0.467

Literature Review 0.552 0.643 0.844 0.643 0.844

Justification of Methodology 0.389 0.397 0.664 0.439 0.701

Summary and Conclusion 0.232 0.221 0.459 0.207 0.440

Writing Style 0.111 0.103 0.255 0.098 0.245

Gemini

Category Krippendorff's Alpha ICC(2,1) ICC(2,9) ICC(3,1) ICC(3,9)

Conference Recommendation 0.166 0.186 0.673 0.197 0.689

Importance to IS/CIS Educators 0.116 0.185 0.672 0.227 0.725

Originality of Approach 0.401 0.427 0.870 0.492 0.897

Clarity of Subject/Paper 0.140 0.152 0.618 0.164 0.639

Literature Review 0.403 0.441 0.876 0.461 0.885

Justification of Methodology 0.259 0.281 0.779 0.348 0.827

Summary and Conclusion -0.010 -0.010 -0.102 -0.017 -0.172

Writing Style 0.095 0.111 0.529 0.156 0.624

ALL AI
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Table C-2: ICC values across rater groupings by run for 8 criteria across the 11 papers. 
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Appendix D – Mean Scores Grouped by Paper 
 

 
Table D-1: Mean category score heat maps by rater groups for papers 1-1 through 2-2. 
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Table D-2: Mean category score heat maps by rater groups for papers 2-3 through 5-2. 
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Appendix E – Mean of Means by Paper 
 

 
 


