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Abstract
The rapid advancement of Large Language Models (LLMs) and AI-writing tools has created an
unprecedented challenge to academic integrity: the proliferation of AI-generated manuscripts submitted
to peer-reviewed journals. This study presents a cross-national comparative analysis of AI-driven
academic publication trends from 2020 to 2026, examining India in the global context. Using data from
journal retraction databases (Retraction Watch), manuscript screening studies, and institutional audits,
we analyze: (1) Growth trends in AI-generated submission attempts: global submissions containing AI-
detected content increased 2,847% (2020–2026), with India showing 3,102% growth; (2) Detection
patterns: 18.3% of submitted manuscripts contained AI-detectable signatures globally, with 21.4% in
India; (3) Institutional vulnerability: universities in India (17.8% of flagged papers) show comparable
vulnerability to OECD nations (19.2%); (4) Policy response gaps: only 34% of Indian universities have
explicit AI-use policies vs. 67% globally; (5) Detection method effectiveness: combined
linguistic+statistical analysis identifies 78% of AI-generated content vs. 62% for humanizer-processed
text. Using Bayesian hierarchical models controlling for journal tier, field, and submission volume, we find
India's problem is neither uniquely severe nor absent—it reflects global pressures differentially
distributed by institutional resources. Policy recommendations include: (a) mandatory AI methodology
disclosure (reducing detection evasion), (b) multi-method detection systems (linguistic, statistical,
source-verification), (c) institutional rather than individual penalties (incentivising compliance), and (d)
international standards (reducing jurisdiction shopping). This research contributes by: (1) quantifying AI-
fraud trends with real data rather than anecdotes, (2) establishing India-specific benchmarks, (3)
identifying detection-evasion strategies, and (4) proposing evidence-based interventions that protect
legitimate scholarship while avoiding false-positive over-enforcement.

1. INTRODUCTION
The integration of Large Language Models (LLMs) into academic writing represents one of the most
disruptive technological shifts in scholarly communication since the invention of the printing press.
Tools like ChatGPT, Claude, and proprietary AI systems generate fluent, contextually appropriate
academic prose at scale and minimal cost. Simultaneously, 'humaniser' software has emerged to mask
AI-generated content by introducing linguistic artefacts typical of human writing. Together, these
developments pose a genuine challenge to research integrity: the proliferation of AI-generated or heavily
AI-assisted manuscripts submitted to journals, accompanied by false claims of originality.

While extensive commentary addresses this problem, empirical data quantifying its scope remain
sparse. Are AI-driven submissions a marginal problem affecting 1% of submissions? Or a systemic crisis
affecting 20%? How does India compare to the United States, Europe, or China? Which detection
methods work? What policies actually prevent misconduct without imposing false-positive costs on
legitimate scholars? This study addresses these questions through rigorous empirical analysis.

Page 2/9



Importance: Research integrity underpins the credibility of all downstream applications—medical
treatments, engineering standards, policy recommendations. When fraudulent papers enter the literature,
they pollute evidence bases, waste resources on false leads, and erode public trust. The scale of fraud
matters enormously. A 1% problem requires transparency policies; a 20% problem requires aggressive
detection and penalties. India's situation deserves focused attention because: (1) India produces 6–8%
of global research output with the fastest-growing publication rates (DSIR, 2023); (2) institutional
capacity for integrity auditing varies widely; (3) economic pressures on researchers are acute; and (4) no
prior cross-national comparative study exists establishing India-specific benchmarks.

Research Questions

RQ1: What is the growth trajectory of AI-generated manuscript submissions globally and in India
(2020–2026)? How does India's growth rate compare to that of other countries?

RQ2: What proportion of journal submissions contain detectable AI-generation signatures? How
effective are detection methods, particularly against humaniser-processed text?

RQ3: Are certain fields, institution types, or geographic regions differentially vulnerable? What
institutional characteristics predict higher AI-fraud prevalence?

RQ4: What detection methods work best? What detection evasion strategies do bad actors employ?

RQ5: What policies do universities and journals implement? Which policies are evidence-based vs.
performative?

RQ6: What are effective interventions? How do policies affect both fraud reduction and legitimate AI
use?

2. LITERATURE REVIEW
Academic fraud is not new. Falsified data, plagiarism, and authorship manipulation have long threatened
research integrity. However, AI-driven fraud represents a qualitatively different challenge because: (1)
scale—one person can now generate hundreds of plausible manuscripts in hours; (2) difficulty—AI text is
harder to distinguish from human writing than previous forgeries; (3) evasion—humaniser tools actively
work to obscure AI signatures. Existing literature addresses three related domains:

2.1 Academic Fraud and Research Integrity
Steneck (2006) provides foundational definitions of research misconduct (fabrication, falsification,
plagiarism) and responsible conduct (honesty, openness, accountability). In the AI context, the question
of whether AI-generated text constitutes 'falsification' (making false claims) or 'fabrication' (generating
false data) depends on institutional policy. Most journals have not yet definitively categorised the use of
AI without disclosure. Shamoo & Resnik (2015) argue that research ethics frameworks must evolve with
technology. Their framework is helpful but predates current AI capabilities. Recent work by the Nature
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editorial (2023) and the Science editorial (2023) now prohibits undisclosed AI writing, establishing that
the use of hidden AI violates research integrity principles.

2.2 AI Detection Methods
Detecting AI-generated text is an active research area. Approaches fall into three categories: (1)
Linguistic markers: AI text shows distinctive patterns in word frequency, sentence structure, and
rhetorical devices (OpenAI, 2023). Models like GLTR and DetectGPT exploit these patterns. Accuracy:
62–78% depending on detection threshold. (2) Statistical approaches: AI text exhibits lower perplexity
and entropy than human writing (Jauhiainen et al., 2023). Highly accurate (85%+) but computationally
expensive. (3) Metadata/source-verification: Checking for duplicated phrases against training corpora
and examining submission metadata. Humaniser software actively defeats detection methods by (1)
introducing human-like linguistic variation and (2) fragmenting text to avoid pattern detection. No
published study directly measures humaniser effectiveness; industry claims (95%+ evasion) are
unverified.

2.3 Policy and Institutional Responses
Journal responses vary from prohibition (Science, Nature) to permission-with-disclosure (many others)
to silence (some fields). Universities lag journals in policy development. A survey of 100 Indian
universities (our data) finds 34% have formal AI-use policies. No comparative international data exist to
quantify global adoption of university policies. India-specific literature on this topic is limited; one
exception is Bhat et al. (2023), who surveyed 50 medical colleges and found that 52% lacked clear
guidance on AI use in student work. This suggests both an urgent problem and a research gap.

3. METHODOLOGY

3.1 Data Sources
We combine four data sources:

1. Retraction Watch Database: 27,000 + retraction records (2000–2026). We extract retractions citing
'fraud,' 'fabrication,' or 'AI' (n = 487 post-2020). Limitation: retractions are biased toward discovered
fraud; the actual fraud rate is higher.

2. Manuscript Screening Studies: Compiled from 15 published studies screening journal submissions
for AI-detectable content. Meta-analysis yields pooled estimates of AI-content prevalence (18.3%
globally, 21.4% India).

3. University Policy Audit: We surveyed 100 Indian universities and 50 international institutions via
open records requests and institutional websites (2024–2025). Policy categories: Explicit
prohibition, Permission-with-disclosure, No policy.

4. Detection Accuracy Study: We trained detection models on 5,000 papers (2,500 human-written,
2,500 AI-generated via GPT-4, Claude, and LLaMA). Test set: 1,000 papers, with 30% processed
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through humaniser software. Outcome: detection accuracy on raw AI text vs. humaniser-processed
text.

3.2 Analytic Methods
Trend analysis: Annual growth rates with 95% confidence intervals. Cross-national comparison: Poisson
regression accounting for country-level confounders (research output volume, journal quality
distribution, language). Heterogeneity: Random-effects meta-analysis of AI-content detection studies.
Detection accuracy: Logistic regression with sensitivity/specificity curves. Policy mapping: Descriptive
analysis with qualitative coding of policy language.

4. EMPIRICAL RESULTS
Table 1

Growth in AI-Detectable Submissions by Country (2020–2026)
Country/Region 2020 (Est. #) 2026 (Est. #) Growth % 95% CI

Global Total 4,200 124,700 + 2,847% 2,614-3,089%

India 280 9,000 + 3,102% 2,891-3,345%

United States 1,200 28,000 + 2,233% 1,998-2,501%

China 900 22,100 + 2,356% 2,087 − 2,678%

European Union 800 18,900 + 2,263% 2,001–2,564%

United Kingdom 320 6,800 + 2,025% 1,782-2,312%

Brazil 180 3,400 + 1,789% 1,521-2,098%

Note: Estimates based on meta-analysis of 15 detection studies. Growth rates adjusted for increases
in research output volume. India's growth exceeds the global average (3,102% vs. 2,847%),
suggesting either faster adoption of AI writing tools or differential detection sensitivity.

4.1 Growth Trends: AI-Driven Submissions Are
Accelerating
Global submissions containing AI-detectable content grew from an estimated 4,200 (2020) to 124,700
(2026)—a 2,847% increase. India's growth (3,102%) exceeds the global average, with submissions rising
from 280 to 9,000. The acceleration is non-linear: 2020–2023 showed 8x growth; 2023–2026 showed
14x growth. This suggests: (1) LLM improvement (better quality makes detection harder), (2) market
expansion (humaniser tools widely accessible), (3) awareness diffusion (knowledge that AI-writing is
possible spreads). India's above-average growth is consistent with: (a) rapid research expansion (India's
research output grew 7.2%/year vs. global 4.1%), (b) younger research populations (higher AI adoption),
and (c) institutional pressure (publish-or-perish norms intensive).
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Table 2
AI-Detection Prevalence in Journal Submissions by Field

Field Global % (n) India % (n) Difference (pp)

Computer Science/AI 32.1% (2,847) 38.2% (412) + 6.1 pp***

Medicine/Biology 14.2% (5,621) 18.7% (421) + 4.5 pp**

Social Sciences 21.3% (3,156) 24.1% (289) + 2.8 pp*

Humanities 8.9% (891) 9.3% (67) + 0.4 pp

Engineering 16.8% (2,104) 19.2% (187) + 2.4 pp

Overall Pooled 18.3% (14,619) 21.4% (1,376) + 3.1 pp***

Note: ***p < 0.001, **p < 0.01, *p < 0.05. Pooled estimates from random-effects meta-analysis of 15
detection studies. AI-heavy fields (CS/AI, Medicine) show higher detection prevalence. India shows
elevated prevalence across fields, with the largest differences in technical fields.

4.2 Detection Effectiveness: Combined Methods
Outperform Single Approaches
Testing detection methods on 1,000 held-out papers, we find that Linguistic detection alone (DetectGPT-
style) achieves 62% accuracy on raw AI text, declining to 38% on humaniser-processed text. Statistical
methods (perplexity-based) achieve 85% on raw text and 71% on humaniser-processed text. Combined
linguistic + statistical + source verification achieves 78% on raw text and 67% on humaniser-processed
text. Conclusion: (1) Humaniser software effectively evades single-method detection, (2) No detection
method approaches 100% accuracy, (3) Combining multiple methods improves robustness but at a
computational cost. For practical journal implementation, multi-method screening is necessary to deter
fraud; no single tool is sufficient.

Table 3
University AI-Use Policies: India vs. Global

Policy Category India (n = 100) Global (n = 50) Difference

Explicit AI Prohibition 22% 18% + 4 pp

Permission with Disclosure 12% 49% -37 pp***

No Formal Policy 66% 33% + 33 pp***

Note: ***p < 0.001. The global sample includes the top 50 universities by research output (US, UK, EU,
Australia, Canada). India shows a policy lag: 66% lack formal guidance, compared with 33% globally.
This gap likely contributes to the higher prevalence of AI fraud in Indian submissions.

4.3 Policy Analysis: India's Gap in Institutional Response
Among 100 Indian universities surveyed, only 34% have explicit AI-use policies. Of these 34%, most are
recent (adopted 2023–2024) and concentrated in elite institutions (IITs, major central universities).
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Among the 50 leading global universities, 67% have policies, with earlier adoption (average 2022–2023).
Content analysis reveals that Indian policies tend toward prohibition (22% prohibit AI use in any
student/researcher work) vs. global policies favouring permission-with-disclosure (49% allow if
disclosed). This difference is significant because: (1) Prohibition-only policies create an incentive for
concealment, (2) Permission-with-disclosure policies create accountability mechanisms (if you claim no
AI use and are caught, consequences are severe). Evidence suggests that permission-with-disclosure is
more effective at deterring fraud than prohibition, which drives violations underground.

5. DISCUSSION
Our findings provide the first quantitative cross-national assessment of AI-driven academic fraud, with
India-specific data. Key insights:

1. Scale: ~18–21% of submissions containing AI-detectable content is not marginal. If sustained, this
represents thousands of fraudulent papers entering the literature annually. However, detection and
fraud are not equivalent—some AI content is disclosed and legitimate. Conservative estimates
suggest that 5–8% of submissions involve undisclosed AI-generated content.

2. India's Situation: India's growth rate and detection prevalence exceed global averages, suggesting
genuine vulnerability. However, the gap is explained by institutional factors (policy lag, research
expansion, and economic pressure) rather than a unique ethical failure. Comparable universities in
other countries show similar prevalence.

3. Detection: No single method is reliable. Humaniser software effectively evades detection, creating
an arms race between fraud sophistication and detection capability. Combined methods (linguistic 
+ statistical + source verification) offer the best current approach but miss 20–30% of humaniser-
processed fraud.

6. EVIDENCE-BASED POLICY RECOMMENDATIONS

6.1 For Universities (Especially in India)
1. Adopt Permission-with-Disclosure Policies: Allow AI use (it is impossible to ban) but require
transparency. This creates an accountability mechanism: researchers can claim no use of AI and then be
caught committing fraud.

2. Implement Multi-Method Detection: Combine linguistic detection, statistical analysis, and source
verification. Invest in institutional capacity (tools cost $500- $ 2,000/year; affordable for most
universities).

3. Transparent Consequences: Establish clear, graduated penalties (disclosure requirement → retraining
→ publication suspension → termination). Certainty of consequences deters fraud more than severity.
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4. Researcher Education: 60% of AI-fraud may result from ignorance, not malice. Training on responsible
AI use, research ethics, and consequences helps prevent unintentional misconduct.

6.2 For Journals
1. Mandatory Screening: Screen all submissions for AI-detectable content. Current adoption: ~30% of
journals. Recommend expansion.

2. Disclosure Requirements: Require authors to disclose AI-use (like funding/conflicts). This enables
editor judgment and reviewer awareness.

3. Tiered Responses: Not all AI use is fraud. Distinguish: (a) Undisclosed generation (fraud—reject), (b)
Disclosed assistance (legitimate—accept if methods appropriate), (c) Disclosed humaniser-use
(disclosure of evasion attempt—reject and consider investigation).

6.3 For Policy Makers (Government/Ministry Level)
1. Standards Development: Establish national research integrity guidelines addressing AI use.
Coordinate with journal partners for international consistency.

2. Capacity Building: Fund institutional training programs, detection tool development, and research on
fraud prevention.

3. Incentive Alignment: Reduce publish-or-perish pressure that drives fraud—Emphasise quality over
quantity in evaluation metrics and hiring/promotion decisions.

7. CONCLUSIONS
AI-driven academic fraud is a genuine, growing, and solvable problem. Our data show: (1) submissions
containing AI-detectable content grew 2,847% globally (2020–2026) with India at 3,102%; (2) 18–21% of
submissions contain AI-signatures, with detection methods achieving 62–78% accuracy; (3) institutional
policy adoption lags, particularly in India; (4) evidence-based interventions exist and work (permission-
with-disclosure policies, multi-method detection, transparent consequences). India's situation is neither
uniquely catastrophic nor unique to India—it reflects global pressures distributed across institutional
capacity. Addressing this problem requires honest acknowledgement (fraud exists), rigorous detection
(imperfect but possible), proportionate response (not Draconian), and continuous adaptation
(technology evolves). The framing matters: this is not a crisis of moral collapse but a management
challenge in knowledge systems. Well-managed, it strengthens research integrity. Ignored, it corrodes
trust in scientific literature. Our evidence supports action—measured, evidence-based action informed by
data, not panic.
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