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Abstract

This paper makes three contributions. First, we exploit tem-
poral signals to conduct an in-the-wild audit of a broad suite
of AI-generated text detection (AGTD) systems. Our in-the-
wild audit reveals that state-of-the-art (SoTA) AGTD systems
exhibit considerable false positives. Second, our audit demon-
strates that AGTD systems disfavor liberal political discourse
and flags them more often as AI-generated as compared to
conservative political discourse. Finally, we extend the anti-
content sampling approach to robustify existing AGTD sys-
tems.

Datasets —
https://github.com/Social-Insights-Lab/AIGD-Dataset

Introduction
Is this piece of text AI-generated? With generative AI
transforming the sociotechnical landscape – from scientific
peer review systems (Russo Latona et al. 2024), sponsored
content (Bertaglia et al. 2024) to law enforcement (Proc-
tor 2024) – identifying AI-generated texts from human-
generated texts will have diverse safety and reliability im-
plications. AI-generated text detection (AGTD) has gained
considerable research traction to tackle this pressing con-
cern. With growing concerns of an increased presence of
AI-generated content in the information ecosystem, going
forward, it is safe to assume that social web content moder-
ation systems are likely to rely on AGTD systems if they al-
ready haven’t started doing so. However, prior literature in-
dicates AI-aided content moderation systems have been far
from infallible (Arango, Pérez, and Poblete 2019; Sarkar and
KhudaBukhsh 2021) or unbiased (Sap et al. 2019), and of-
ten guided by political subjectivity (Sap et al. 2022; Weera-
sooriya et al. 2023b).

How do AGTD systems fit into the current content-
moderation puzzle? Are they ready for real-world deploy-
ment? Are they politically neutral? Do they disparately af-
fect certain demographics? Content moderation instruments
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do not reside in a vacuum and these are important questions
with practical consequences. This paper presents a compre-
hensive in-the-wild audit of AGTD systems leveraging a
simple intuition: a social web post authored on or before
1st January, 2019 (before GPT-2 was made publicly avail-
able) is highly unlikely to be AI-generated. At present, there
are very few benchmark datasets to evaluate AGTD systems.
Utilizing document creation timestamps as an implicit guar-
antee of the content not being AI-generated and consider-
ing social web data which consists of a vast pool of human-
generated texts of diverse content and styles allows us to
conduct a comprehensive in-the-wild audit at scale.

Our paper investigates the following research questions:
RQ1: Can the existing state of the art AGTD models effec-
tively detect the AI-generated text?
RQ2: How do the political leanings factor into AGTD mod-
els’ performance?
RQ3: Do these AGTD techniques disproportionately sup-
press minority voices?
RQ4: Can anti-content sampling (Yoo and KhudaBukhsh
2023) finetune the model performance?

The relationship between US political discourse and web
censorship is a fraught one, often marred by accusations
of hyper-partisanship. While the Section 230 of a biparti-
san Communication Decency Act presented burgeoning in-
ternet businesses in late 90’s with broad immunity to de-
cide moderation guidelines as they please (Kosseff 2019),
algorithmic amplification of political content (Huszár et al.
2022) and differential censorship (Zakrzewski and Lima-
Strong 2023) equally concern conservatives and liberals in
current polarized US politics. As we are writing this paper,
the US political history witnessed a bitterly fought election.
During the campaign trail, President-elect Trump has ac-
cused Vice President Kamala Harris of cheating and elec-
tion interference using AI-manipulated images of massive
rally crowds (Goldmacher 2024). During this politically tur-
bulent phase, the sociopolitical implications of AGTD sys-
tems are amplified. How do we know that the tremendous
surge of positive vibe for candidate A or a sudden increase
in social network exhaustion on candidate B are not AI-
manufactured? Type 1 error (human-generated content is
misidentified as machine-generated content) has become as

Proceedings of the Twentieth International AAAI Conference on Web and Social Media (ICWSM 2026)

677



Key idea: We leverage a simple assumption to conduct in-the-wild audit of AGTD systems: before 1st January 2019 (be-
fore GPT-2 was made publicly available), a social media post is highly unlikely to be AI-generated. Any large scale audit
conducted on social web data before 2019 should ideally yield very close to 0% AI-generated text. A high percentage
of pre-2019 posts detected as AI-generated content indicates models’ unsuitability for real-world deployment. Follow-
ing (Yoo and KhudaBukhsh 2023), we further tap into the richness and diversity of a vast amount of implicitly labeled (as
negative, or non-AI-generated) pool of social media posts (dubbed anticontent) and design an active learning framework.
Starting with an annotated AI-generated text dataset, at each step, we train a model on labeled data and evaluate on the
pool of implicitly labeled anticontent instances. Instances that are classified as positives (i.e. AI-generated text) with high
confidence are added as challenging negatives to augment the train data.

important as the Type II error (machine-generated content is
misidentified as human-generated content).

This paper focuses on the type I error - auditing how
often human-generated texts get misidentified as machine-
generated by cutting-edge AGTD systems. While our par-
ticular focus is on political discourse on the social web,
our work presents a simple audit framework to test the
effectiveness of SoTA AGTD systems on a vast pool of
human-generated texts with diverse styles and content.
When human-generated texts are misidentified as machine-
generated, we run the risk of eliminating legitimate voices
that may lead to political unfairness and algorithmic invis-
ibility. Our paper thus contributes to an important under-
standing of the implications of AGTD systems to the future
of the web moderation.

To summarize, our contributions are the following:
Framework: We present a novel framework to conduct in-
the-wild of AGTD systems using temporal signals. To our
knowledge, this simple-yet-powerful audit design leverag-
ing temporal signals is novel in the context of AGTD sys-
tems audit.
Social: Our audit reveals that SoTA AGTD systems are not
yet ready for real-world deployment as most of them record
false positives at an alarming rate. In addition, these systems
are not politically neutral and might marginalize historically
disadvantaged groups such as the LGBTQ+ and Black com-
munities potentially leading to algorithmic invisibility.
Method: Follwoing (Yoo and KhudaBukhsh 2023), we ex-
tend anticontent sampling, a zero-human-annotation active
learning framework relying on implicit labels, and demon-
strate a modest performance improvement in AGTD sys-
tems.

Datasets
In this work, we focus on the political discourse on Red-
dit and YouTube. In contrast with Twitter, both Reddit and
YouTube put a character limit of 10,000 characters for indi-
vidual posts or comments allowing room for nuanced polit-
ical discourse.

For YouTube, we consider a dataset of 60,000 user com-
ments equally sampled from news videos hosted on the
official YouTube channels of three major cable news out-
lets in the US: CNN, Fox News, and MSNBC (SI con-
tains further details). We select this dataset because of
the broad participation, topical diversity, and political rel-
evance (Stanley 2012; Bozell 2004; Gil de Zúñiga, Correa,
and Valenzuela 2012; Hyun and Moon 2016; Dutta et al.

Subreddit \r Republican \r Democrats \r BlackPeopleTwitter
2019 16,325 17,747 289,242
2024 8,729 12,000 110,406

Table 1: The number of comments with more than 50 tokens
in each subreddit for the years 2019 and 2024

2022; KhudaBukhsh et al. 2022; Ding, Horning, and Rho
2023). This dataset is considered a comprehensive snap-
shot of US political discourse (KhudaBukhsh et al. 2021)
and has been used for in-the-wild audits of content moder-
ation systems (Weerasooriya et al. 2023a) and misinforma-
tion datasets (Yoo and KhudaBukhsh 2023). in addition, to
check for algorithmic chokehold, we create another separate
dataset using comments from these three major cable net-
works concerning LGBTQ+ individuals. This dataset con-
sists of 1,651 total comments for 2019 and 2024 with token-
length exceeding 501.

To further support our hypothesis, we created two Reddit
datasets dealing with 1) politics and 2) algorithmic choke-
hold. We used arctic shift reddit API2 for the data collection.
These datasets, which we collected from subreddits repub-
lic, democrats, USPolitics for political views, and BlackPeo-
pleTwitter, are significant in their extensive scope and depth.
They include titles, descriptions, and a substantial 454,449
comments across the subreddits. For the experiments in this
paper, we consider comments from subreddits Republican,
Democrats and BlackPeopleTwitter for the years 2019 and
2024. The dataset description is provided in Table 1.

Models

We consider five models for their innovative approaches
and SoTA performance in detecting AI-generated text, ad-
dressing challenges such as paraphrasing, domain adapta-
tion, and black-box LLMs. These methodologies, including
adversarial training, edit-distance invariance, and intrinsic
dimensionality, provide a diversity for our evaluation. This
selection of models also ensures inclusion of both train-
able models (e.g., RAIDAR, Ghostbusters) and non-
trainable models (e.g., RADAR, Binoculars) for our au-
dit. A brief description of each of these models follows next.

1Our preliminary experiments revealed that AGTD systems’
performance is even more unreliable for shorter documents.

2https://arctic-shift.photon-reddit.com/download-tool
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RADAR

RADAR (Hu, Chen, and Ho 2023) uses adversarial learning
to jointly train the AI-text generator (paraphraser) and AI-
text detector. The paraphraser uses the detector’s prediction
as a reward and updates its policy using proximal policy op-
timization (PPO) (Schulman et al. 2017). The detector, in
turn, updates its parameters based on the logistic loss func-
tion evaluated on both human and AI-generated text. The
RADAR model’s robustness in handling multiple paraphras-
ing models makes it a promising tool. RADAR model34 is
available as a trained model for evaluation, and it can’t be
fine-tuned from user-end.

RAIDAR

By prompting LLMs to rewrite the text, RAIDAR (Mao
et al. 2024) measures the invariance property—machine-
generated text undergoes fewer changes compared to
human-written text. This method uses edit distances mea-
sures such as Levenshtein distance and n-gram edits to eval-
uate output stability, noting that LLM-generated text shows
less variance upon multiple rewrites. This approach lever-
ages discrete token outputs, making it robust and com-
patible with both black-box LLMs and open LLMs. This
method reaches State-of-the-art accuracy on various bench-
mark datasets across various LLMs. As this model uses
interpretable and trainable estimates to detect machine-
generated text, it poses a perfect test case for our experi-
mental design. For our experimental design, we train several
ML classifier models to achieve the standard 1% FPR on test
set and report the accuracies in the tables.

Intrinsic Dimensionality
Tulchinskii et al. (Tulchinskii et al. 2023) focus on the Per-
sistent Homology Dimension (PHD) estimator, which com-
bines local and global dataset properties. They utilize PHD
to estimate the dimension of text embeddings, derived from
pre-trained Transformer models, as a key feature for detect-
ing AI-generated text. The method involves sampling, linear
regression, and averaging to improve the stability and accu-
racy of ID estimation, ultimately training a logistic regres-
sion classifier for AI-generated text detection.

Intrinsic-RAIDAR
As the intrinsic dimension and RAIDAR both use some inter-
nal signals from the text for classification, we theorize that
combining the features to train a final classifier may render
more robust results. Based on this assumption, we train sev-
eral ML classifiers using n-gram distance, Levenshtein dis-
tance (following RAIDAR) and PHD, and MLE (following
intrinsic dimension). We use the best-performing classifier
rendering the consistent baseline of 1% FPR on original val-
idation data.

3https://github.com/IBM/RADAR
4https://huggingface.co/spaces/TrustSafeAI/RADAR-AI-Text-

Detector

Ghostbusters
Ghostbuster (Verma et al. 2024) leverages structured
search and token probabilities from weaker language models
(e.g., unigram, trigram, and early GPT-3 models) to extract
distinguishing features, followed by training a logistic re-
gression classifier on these features. Unlike few SoTA clas-
sifier models, it does not require access to token probabilities
of the target model, making it effective even for black-box
models. Authors show a remarkable 99.0 F1-score, outper-
forming existing detectors like DetectGPT (Mitchell et al.
2023) and GPTZero (Tian and Cui 2023) by significant
margins.

Binoculars
Binoculars (Hans et al. 2024) contrasts perplexity and
cross-perplexity metrics derived from two similar LLMs.
By leveraging ratios of these statistical signals, the model
achieves SoTA detection without requiring training data,
enabling it to generalize across different LLMs, including
ChatGPT and LLaMA models. The methodology is tested
extensively across varied datasets, showing robustness in de-
tecting AI-generated text in multiple domains and outper-
forming existing commercial and open-source detectors, es-
pecially in out-of-domain scenarios.

Related Work
AI Generated Content Detection
In addition to the models we used for our audit, there ex-
ist alternative strategies, such as heuristic detectors and en-
semble detectors among various methods that achieve strong
detection performance. DetectGPT (Mitchell et al. 2023),
one of the earliest methods using quantitative methods, em-
ploys a zero-shot framework, leveraging the curvature of a
language model’s log-probability function to distinguish AI-
generated text without additional training, achieving strong
performance across diverse tasks like such as fake news de-
tection. ConDA (Bhattacharjee et al. 2023) takes a differ-
ent approach, addressing the task as an unsupervised do-
main adaptation problem by aligning domain-invariant rep-
resentations using contrastive learning, delivering robust re-
sults even in the absence of labeled target domain data.
Expanding on these efforts one of the most recent works,
LLM-DetectAIve (Abassy et al. 2024) introduces fine-
grained classification to detect nuanced human-machine col-
laborations, such as polished or humanized AI text, outper-
forming existing detectors and offering an interactive demo.

AGTD system audit and datasets
Audits. Recent studies have explored the challenges and
limitations of detecting AI-generated content, with particu-
lar emphasis on fairness, methodology, and real-world ap-
plicability. Li et al. (2024) introduce the ARIA dataset,
comprising over 140,000 real and AI-generated images, to
benchmark detection methods and evaluate human perfor-
mance in distinguishing AI-Art. While their work offers
valuable insights, it is limited to controlled experimental set-
tings, overlooking the complexities of social web data, polit-
ical contexts, and temporal dynamics, which are critical for
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real-world applications. Similarly, Skumanich et al. (2024)
analyze AI-generated disinformation on fringe platforms
like Gab and Gettr, focusing on narrative shifts over time.
Although their study incorporates temporal signals, it does
not address broader issues such as political censorship, mi-
nority group impacts, or techniques like anticontent sam-
pling that could enhance detection robustness.

Ramu et al. (2023) investigate Generation Z’s ability
to identify AI-generated text through user studies on Dis-
cord, highlighting participants’ difficulties, particularly with
short-form content. Their findings critique tools such as
OpenAI’s Text Classifier and GPTZero for high false pos-
itive rates and vulnerability to paraphrasing attacks. How-
ever, the study does not leverage data from mainstream plat-
forms like Reddit or YouTube to evaluate demographic or
political biases in detection tools. On a similar note, Elkhatat
et al. (2023) evaluate five AI content detection tools (Ope-
nAI, Writer, Copyleaks, GPTZero, and CrossPlag) in iden-
tifying text from ChatGPT models (3.5 and 4) and human-
written content. Using 15 paragraphs each from GPT-3.5,
GPT-4, and five human-written control samples, the study
measures sensitivity, specificity, and predictive values. Re-
sults indicate better performance on GPT-3.5-generated
text compared to GPT-4 or human-written content, but the
findings are constrained by the small sample size and the
limited scope of detectors, underscoring the need for broader
evaluations in a rapidly evolving landscape.

Sadasivan et al. (2023) assess the reliability of detection
methods, including watermarking, neural network-based,
zero-shot, and retrieval-based detectors. They introduce a
recursive paraphrasing attack that effectively degrades de-
tection accuracy with minimal loss in text quality, as val-
idated through perplexity metrics and human evaluations.
Additionally, they demonstrate vulnerabilities to spoofing
attacks, where human-written text can be misclassified as
AI-generated, potentially causing reputational harm. A theo-
retical link between detector performance (AUROC) and to-
tal variation (TV) distance highlights the growing difficulty
of distinguishing human and AI text as models become more
advanced. The study emphasizes the susceptibility of current
detectors to adversarial attacks and the inherent trade-offs
between type-I and type-II errors.

Datasets. The datasets used in AI-generated text detection
span diverse domains, reflecting varied linguistic styles and
complexities. Creative writing data, sourced from the Writ-
ingPrompts subreddit, captures imaginative storytelling,
while the Reuters 50-50 dataset (Liu 2006) serves as the
foundation for news article authorship. Academic writing is
represented through the British Academic Written English
corpus (Verma et al. 2024) and the SciXGen dataset (Chen,
Takamura, and Nakayama 2021), featuring student essays
and scientific abstracts, respectively. Programming tasks are
explored using the HumanEval dataset (Chen et al. 2021)
with human-written and GPT-3.5-generated code. Short-
form and opinion-heavy texts are included via Yelp re-
views and opinion statements from r/ChangeMyView. Addi-
tional datasets such as XSum, TLDR news, and Wikipedia
paragraphs (e.g., SQuAD contexts) cover news summariza-

tion and encyclopedic writing. Storytelling and reasoning
datasets like ROCStories, ELI5, HellaSwag (Zellers et al.
2019), and WritingPrompts further diversify the collection,
ensuring a comprehensive evaluation of detection systems
across creative, factual, and logical text generation.

Across these works, the datasets range from curated
benchmarks like ARIA to niche platform data, yet the inte-
gration of social web data, political biases, and demographic
impacts remains largely unexplored. Also the discussion on
the potential of AI detectors to perpetuate discrimination
or disproportionately silence marginalized groups, such as
Black and LGBTQ+ communities is absent in current litera-
ture. Our work presents a cost-effective solution to this fleet-
ing scenario of AGTD systems audit with further emphasis
on minimizing Algorithmic Chokehold and model biases.

Anticontent Sampling
Yoo et al. (2023) introduced anticontent sampling in the
context of robustifying COVID-19 misinformation datasets.
This approach first identifies an unlabeled set with implicit
labels. Next, it sets up an active learning pipeline leverag-
ing this implicit labels. Yoo et al. (2023) argued that the so-
cial web discourse prior to COVID-19 is unlikely to contain
any misinformation about COVID-19. With this assumption,
they trained content classifiers on existing COVID-19 mis-
information datasets and ran inference pre-COVID-19 social
web discourse. The intuition is a social web post classified as
COVID-19 misinformation represents a challenging nega-
tive (anticontent) that the classifier misclassified as COVID-
19 misinformation. Their active learning pipeline leveraged
this idea methodology and showed how it enhances mis-
information classifiers by leveraging pre-COVID-19 social
media posts as implicitly labeled non-misinformation to ad-
dress shortcut learning and out-of-domain (OOD) gener-
alization issues. An active learning framework iteratively
identifies and augments the training set with challenging
anticontent misclassified by the model, improving robust-
ness without manual annotation. This approach significantly
boosts performance, with F1-scores rising from 87.7% to
95.2%, and drastically reduces pre-COVID-19 false posi-
tives from 14.3% to 0.2%.

Based on this idea, we employ a similar technique in
our method to robustify AGTD systems where we reason-
ably assume that pre-GPT2 (2019 and before) there can not
exist content that is generated by generative LLMs. With
this assumption, in an active-learning setting, we retrain the
trainable AGTD systems iteratively through augmenting the
training set with mislabeled challenging ground truth sam-
ples from previous iteration. We continue this till we achieve
a 1% FPR and further evaluate on social web datasets.

Disambiguating Bot Content in Social Media
At a philosophical level, the vast bot detection literature (see,
e.g., (Cresci 2020; Ng and Carley 2023; Uyheng and Car-
ley 2021)) aligns with the AGTD literature in their shared
goal to preserving the integrity of the social web. However,
there is a key distinction. Research and platform audits con-
sistently indicate that, prior to 2019, automated accounts
(’bots’) on social platforms such as Reddit, Twitter, and
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YouTube were primarily amplifiers of human-written con-
tent, rather than independent content creators. Bots largely
shared, reposted, or promoted material originally written by
humans (news articles, blog posts, or other users’ messages),
instead of composing substantial new text themselves. For
example, a 2017 Cambridge University study of Twitter be-
havior found that bot accounts relied “a lot more on retweets
and redirecting followers to external websites” – essentially
recycling existing content – because “bots aren’t that good at
creating original Twitter content” (University of Cambridge
News Office 2017). In the same vein, a Pew Research Cen-
ter analysis noted that suspected bots were extremely active
in sharing links to news articles and other web content on
Twitter (Center 2018), accounting for an estimated 66% of
links to popular websites in one study. These findings show
that the typical role of bots was to amplify human-generated
information (often from news sites or propaganda sources)
rather than to generate new persuasive text from scratch. In
contrast, this paper focuses on the reliability and robustness
of methods that detect whether content is generated using AI
rather than who posted the content.

Large-scale generative text production by bots was widely
considered implausible before powerful language models
like GPT-2 emerged in 2019. In-the-wild evidence for bots
autonomously writing long-form coherent posts at scale was
virtually non-existent up to that point. Instead, bad actors
tended to use bots as distribution vehicles, for instance, net-
works of bots that retweet misinformation or paste the same
prepared comments, rather than as autonomous authors of
novel content (Vosoughi, Roy, and Aral 2018). In short, be-
fore recent advances in AI, it was technically unfeasible for
bots to mass-produce convincing new content. Although the
recent literature has begun to grapple with a combined chal-
lenge (ie, social bots that post AI-generated content (Ferrara
2023)), our current study decouples the content from the ve-
hicles that propagate them through the social web.

Experiments
Model audit
Our model audit mainly consist of two major components:

Model Training
• Pre-Trained Models: Proprietary pre-trained models

such as RADAR and Binoculars were utilized di-
rectly without fine-tuning. These models were evaluated
on their out-of-the-box performance on both original and
paraphrased datasets.

• Trainable models: Non-proprietary models or feature-
based model such as RAIDAR, Ghostbusters, and
Intrinsic dimension were trained on the original dataset
mentioned in their respective literature, ensuring a con-
sistent 1% FPR on the test split. For the intrinsic di-
mension model, the training process included use of
Persistent Homology Dimension (PHD) (Schweinhart
2021), Manifold-adaptive dimension (MADA) (Farah-
mand, Szepesvári, and Audibert 2007), and Maximum
Likelihood Estimation (MLE) (Levina and Bickel 2004)
as features. The training process of RAIDAR included

n-gram distance and Levenshtein distance as features.
RAIDAR involves rewriting the ground truth (human-
written text) through an LLM and subsequently train the
models based on edit-distance of the rewritten text. We
employ two prominent LLMs: Llama3 (Grattafiori and
team 2024) (an open model) and GPT-4o (team 2024) (a
proprietary model) for the rewriting and evaluating both
separately and in conjunction. We used multiple ML clas-
sifiers, trained on these features, to detect AI-generated
content, leveraging both global and local text properties.
For the intrinsic dimension model, a simple logistic re-
gression model was found to be the best to achieve a 1%
FPR while for the RAIDAR model, an XGBoost model
was found best-fit.

• Paraphrasing: We evaluated the robustness of vari-
ous models using comments paraphrased through mul-
tiple paraphrasers. Specifically, we used ChatGPTT5,
Pegasus, and Llama to generate paraphrased versions
of the comments. These paraphrased comments were
then subjected to a second round of paraphrasing us-
ing the same paraphrasers. The twice-paraphrased com-
ments were subsequently analyzed by the models to de-
termine if they could identify them as AI-generated.
The models identified the twice-paraphrased comments
as AI-generated with 99% confidence. Among the para-
phrasers, ChatGPTT5 demonstrated superior perfor-
mance occasionally matching or exceeding the perfor-
mance of Pegasus and Llama across all models.

• Dataset Context Length: We evaluated models on
tweets and similar short-form content for comparison.
Short-term contexts provided insufficient data for reli-
able detection, leading to higher FPRs. To address this
issue, we focused on Reddit and YouTube user comments
with a token length of more than 50. The longer context
provided more comprehensive information, resulting in
higher detection accuracy and better generalization. Fi-
nal evaluation prioritized longer context datasets for ro-
bustness and reliability.

• Anticontent Sampling: We employed an interative an-
ticontent sampling-driven active learning pipeline (Yoo
and KhudaBukhsh 2023) to refine AI-generated text de-
tection models. We first present a brief description of an-
ticontent sampling.
An active learning pipeline guided by anticontent sam-
pling works in the following way. First, it identifies a
set S with an implicit label (e.g., negative). In Yoo and
KhudaBukhsh (2023), in the context of COVID-19 mis-
information, S was set to pre-COVID-19 era social me-
dia discussions. For a misinformation dataset D, all in-
stances in S are classified by a model trained on D. Since
before COVID-19, no social web post can be a COVID-
19 misinformation post, high-confidence positives (mis-
information) are in fact challenging negatives (anticon-
tent) that the model struggles with. These examples are
augmented with D with the flipped label (negative, not-
misinformation) and a new model is trained on the aug-
mented set. This iterative process of identifying chal-
lenging negatives and augmenting them with the labeled
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dataset continues till a halting criterion is reached. The
iterative expansion of the training set guided by model
performance mimics active learning (Settles 2009). How-
ever, one key advantage is that in contrast with traditional
active learning, anticontent sampling uses zero manual
annotation as it leverages implicitly labeled S .
In what follows, we outline the key steps of our pipeline
in which we extend anticontent sampling to strengthen
AGTD systems.

1. Initial Model Audit: First, we initialize trainable
models using temporal signals, leveraging an equal
mix of pre-2019 non-AI-generated content and AI-
generated paraphrased versions of the same content
(e.g., rewritten by GPT-4o, Llama3). We then ap-
ply the AI-generated text detector to a large corpus of
known human-written posts (e.g., social media content
from before 2019). Any posts that the detector mistak-
enly flags as AI-generated (false positives) are strong
candidates for anticontent. These are human-written
examples that the model finds confusing.

2. Selection of Anticontent: From those false positives,
we select a set of diverse, representative examples
(throughout our experiments, the top 50% of highest-
confidence false positives). This selection is analogous
to choosing challenging negatives.

3. Augmentation and Fine-Tuning: We then consider
the implicit label (human-written, negative class) of
these examples and add them to the training data,
effectively augmenting the negative class with con-
tent that the model previously struggled with. The
detector is retrained or fine-tuned on this expanded
dataset, which now includes the challenging anticon-
tent. We repeat this process. After retraining, we au-
dit the model again to find new high-confidence false
positives (anticontent), add them, and repeat (as re-
sources permit). Prior work (Yoo and KhudaBukhsh
2023) demonstrated that this kind of iterative, self-
supervised active learning can substantially improve
robustness without any manual labeling effort. This it-
erative process continued until the model achieved the
target FPR of 1%.

Model Evaluation
• Overall trends: To assess the overall trend, we eval-

uated AGTD systems on datasets from both YouTube
(CNN, MSNBC, FOX) and Reddit (r/Democrat, r/Re-
publicans, r/Blackpeopletwitter). This provided a com-
prehensive view of model performance across different
platforms and discourse types focusing on social web.

• Political bias trends: To analyze potential political bias,
we focused on liberal (CNN, MSNBC, r/Democrat) and
conservative (FOX, r/Republicans) discourse. The results
highlighted disparities in detection rates between these
ideological spectrums.

• Algorithmic Chokehold: To investigate biases against
minority voices, we specifically evaluated AGTD sys-
tems on r/Blackpeopletwitter from Reddit and LGBTQ+-
related content from CNN, MSNBC, and FOX on

YouTube. This allowed us to audit whether these systems
disproportionately misclassify marginalized community
discourse.

Results
Audit Findings
Finding I: SoTA AGTD systems exhibit high false positive
rates.

Our findings demonstrate that SoTA AGTD systems ex-
hibit significant false positive rates, particularly when as-
sessing social media discourse and YouTube comments.
As illustrated in Tables 2 and 3, these systems frequently
misclassify human-generated content as AI-generated in
2019, a period before the adoption of generative LLMs.
Notably, RAIDAR detects AI-generated content probabili-
ties as high as 16.9% ± 4.71% for MSNBC comments and
17.9% for r/Democrat comments in 2019, while RADAR re-
ports considerably higher probabilities, such as 62.46% for
r/Democrat and 72.92% for r/Blackpeopletwitter, suggest-
ing greater over-sensitivity to linguistic features. In con-
trast, Binocular and Ghostbusters show relatively
lower, though still inflated, detection rates, with Binocular
detecting 15.2% for r/Democrat and Ghostbusters reaching
17.28% ± 2.4% for CNN comments. In 2024, a minor in-
crease in detection probabilities is observed across all mod-
els, such as RAIDAR’s rise to 23.25% for r/Democrat and
Ghostbusters’ increase to 17.6% ± 3.2% for CNN. However,
these increments fail to establish a reliable baseline due to
the inflated detection rates in 2019. The differences in model
behavior reveal varying degrees of misclassification: RADAR
consistently overestimates detection rates across all datasets,
while RAIDAR exhibits more moderate but still erroneous
results, and Binocular tends to perform conservatively
but remains susceptible to false positives. These discrepan-
cies highlight systemic issues in all models, indicating that
none can reliably distinguish between human-written and
AI-generated content. Hence, the short answer to the ques-
tion of whether AGTD models are ready for real-world de-
ployment is a resounding no.
Finding II: Liberal discourse is (slightly) more likely to be
flagged as AI-generated than conservative discourse.

Analysis of the 2019 data reveals that liberal discourse,
as represented by MSNBC and r/Democrat, is marginally
more likely to be flagged as AI-generated compared to con-
servative discourse, represented by FOX and r/Republicans.
From Table 2, RAIDAR detects AI-generated content prob-
abilities of 16.9% ± 4.71% for MSNBC comments com-
pared to 14.8% ± 1.46% for FOX. Similarly, Table 3 shows
RAIDAR identifying 17.9% of r/Democrat comments as AI-
generated, while detecting only 11.2% for r/Republicans.
This trend persists across models, with RADAR reporting dis-
proportionately high probabilities for r/Democrat (62.46%)
relative to r/Republicans (40%). While the discrepancies
are less pronounced for models such as Binocular and
Ghostbusters, the overall pattern remains consistent.
Binocular shows slight bias against liberal discussion as
observed in Table 3 for r/Democrat vs r/Republicans while
Ghostbusters show the similar bias as observed in Table
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Models Year CNN MSNBC FOX

RAIDAR
2019 13.85% ± 2.34% 16.90% ± 4.71% 14.80% ± 1.46%
2024 16.74% ± 3.43% 17.48% ± 2.79% 14.34% ± 0.92%

RADAR
2019 66.00% ± 3.80% 69.24% ± 4.05% 65.63% ± 3.25%
2024 71.23% ± 3.10% 75.15% ± 3.95% 75.53% ± 2.90%

Ghostbusters
2019 17.28% ± 2.40% 21.40% ± 0.85% 18.60% ± 1.68%
2024 17.60% ± 3.20% 20.82% ± 1.97% 19.26% ± 2.61%

RAIDAR+Intrinsic
2019 12.65% ± 1.87% 16.15% ± 3.10% 13.45% ± 1.85%
2024 16.68% ± 2.42% 16.78% ± 5.71% 14.88% ± 1.81%

RAIDAR Anticontent Sampled
2019 11.00% ± 2.20% 15.33% ± 2.17% 9.26% ± 2.69%
2024 16.65% ± 1.13% 16.93% ± 3.36% 13.57% ± 0.72%

Table 2: Probability of AI-generated-content detection on YouTube comments for CNN, MSNBC, and FOX News across 2019
and 2024 (mean ± 95% CI).

Models Year r/Democrat r/Republicans r/Blackpeopletwitter

RAIDAR
2019 17.90% ± 3.38% 11.20% ± 2.9% 8.66% ± 2.41%
2024 23.25% ± 3.7% 22.20% ± 3.64% 10.16% ± 2.73%

RADAR
2019 62.46% ± 3.92% 40.00% ± 4.18% 72.92% ± 3.76%
2024 72.16% ± 3.58% 40.07% ± 4.2% 70.05% ± 3.69%

Binocular
2019 15.20% ± 3.04% 14.60% ± 2.91% 21.42% ± 3.83%
2024 15.12% ± 2.87% 10.02% ± 2.46% 20.48% ± 3.71%

Ghostbusters
2019 13.34% ± 2.93% 18.12% ± 3.29% 12.50% ± 2.77%
2024 15.26% ± 3.02% 17.92% ± 3.18% 16.75% ± 3.11%

Table 3: Probability of AI-generated-content detection across subreddits r/Democrat, r/Republicans, and r/Blackpeopletwitter
in 2019 and 2024 (mean ± 95% CI).

2 for MSNBC and FOX discussions. These results suggest a
systematic bias in AGTD systems, which are more prone to
flagging liberal-oriented discourse as AI-generated, poten-
tially due to linguistic or stylistic features more prevalent in
these datasets.

Finding III: AGTD systems may affect disadvantaged
groups: case study on Black and LGBTQ+ community re-
veals. Our audit reveals potential biases that may dispropor-
tionately impact disadvantaged groups, as demonstrated by
data from r/Blackpeopletwitter and YouTube comments re-
lated to the LGBTQ+ community. From Table 3, the 2019
data shows that r/Blackpeopletwitter comments are flagged
as AI-generated at rates as high as 72.92% by RADAR and
21.42% by Binocular, significantly exceeding the rates
for r/Democrat (62.46%) and r/Republicans (40%). This
trend suggests that the language or discourse patterns preva-
lent in Black community discussions are more likely to trig-
ger false positives, potentially due to linguistic features or
cultural expressions that these systems fail to recognize ac-
curately.

Table 4 highlights a similar concern for LGBTQ+ dis-
course. In 2019, RADAR flagged LGBTQ+-related com-
ments on CNN, MSNBC, and FOX at exceptionally high
rates, such as 70.30%, 70.45%, and 69.27%, respectively.
Even models with comparatively lower detection rates, such
as Ghostbusters, still reported rates exceeding 28% for
these comments. This over-detection persists in 2024, with
RAIDAR showing an increase from 21.17% to 23.33% for
CNN LGBTQ+ comments and RADAR maintaining elevated
probabilities like 73.52% for FOX LGBTQ+ comments.

These results suggest systemic biases against marginalized
groups, as AGTD systems misclassify their discourse at dis-
proportionately high rates.

The elevated false positive rates for Black and LGBTQ+
communities indicate a lack of cultural and linguistic inclu-
sivity in AGTD model training and evaluation. Such biases
may lead to further marginalization of these historically op-
pressed communities in digital spaces leading to algorithmic
invisibility.

Towards Robust AGTD Systems
Finding I: Anticontent sampling brings about a modest im-
provement.

The results in Table 2 indicate that integrating anticontent
sampling into AGTD models yields modest yet consistent
improvements in detection performance across datasets. For
2019, RAIDAR Anticontent Sampled achieves lower detec-
tion rates, such as 11% ± 2.2% for CNN, 15.33% ± 2.17%
for MSNBC, and 9.26% ± 2.69% for FOX, compared to
13.85% ± 2.34%, 16.9% ± 4.71%, and 14.8% ± 1.46%, re-
spectively, for the standard RAIDAR model. This trend sug-
gests that anticontent sampling helps mitigate high FPRs
to a certain degree. Incorporating anticontent sampling also
achieves the best performance surpassing the base SoTA
methods in all the instances.
Finding II: Linguistic signal-based trainable models can
be calibrated towards enhanced reliablility.

The results in Table 2 demonstrate that Intrinsic+RAIDAR
model, leveraging mixed linguistic signals for classification,
outperform both the standalone RAIDAR and intrinsic di-
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Models Year CNN LGBTQ+ MSNBC LGBTQ+ FOX LGBTQ+

RAIDAR
2019 21.17% ± 3.12% 19.24% ± 2.9% 18.80% ± 2.78%
2024 23.33% ± 3.18% 29.60% ± 3.96% 22.50% ± 3.05%

RADAR
2019 70.30% ± 3.54% 70.45% ± 3.6% 69.27% ± 3.42%
2024 67.60% ± 3.48% 70.72% ± 3.62% 73.52% ± 3.49%

Binocular
2019 24.98% ± 3.10% 23.91% ± 2.96% 24.18% ± 3.02%
2024 19.44% ± 2.88% 18.44% ± 2.79% 19.54% ± 2.91%

Ghostbusters
2019 28.17% ± 3.26% 29.70% ± 3.44% 26.83% ± 3.11%
2024 28.17% ± 3.20% 28.15% ± 3.18% 27.03% ± 3.15%

Table 4: Probability of AI-generated-content detection on LGBTQ+-related YouTube comments for CNN, MSNBC, and FOX
News in 2019 and 2024 (mean ± 95% CI).

Timeline r/Democrat r/Republicans r/Blackpeopletwitter CNN MSNBC FOX
2019 3.07 ± 0.95 3.09 ±0.67 2.96 ± 0.7 2.98 ± 0.59 3.01 ± 0.63 3.1 ± 1.63
2024 3 ± 0.62 3.02 ± 0.61 3 ± 0.71 3.07 ± 0.71 2.88 ± 1.16 2.85 ± 2.73

Table 5: The Persistent Homology Dimension (PHD) scores for subreddit and YouTube comments

mension models. For 2019 data, Intrinsic+RAIDAR consis-
tently achieves lower detection probabilities compared to the
baseline RAIDARmodel, such as 12.65% ± 1.87% for CNN,
16.15% ± 3.1% for MSNBC, and 13.45% ± 1.85% for FOX,
compared to 13.85% ± 2.34%, 16.9% ± 4.71%, and 14.8%
± 1.46%, respectively.

Intrinsic dimension models leverage global geometric sig-
nals such as PHD and MLE, that capture the broader struc-
tural characteristics of the text. RAIDAR, on the other hand,
utilizes fine-grained linguistic signals like n-gram distance
and Levenshtein distance of a human-written text and an
AI-generated text for classification. By combining these
complementary feature sets in a unified framework, Intrin-
sic+RAIDAR creates a more robust representation, effec-
tively reducing false positives and enhancing model per-
formance. This finding suggests that linguistic signal-based
trainable methods can be better at adapting to different
datasets, and we can further fine-tune them for more robust
classification.

Discussions and Conclusion
Among the growing literature (Chaka 2024; Bellini et al.
2024; Wu et al. 2025; He et al. 2024) of auditing AGTD
systems, our study marks one of the first large-scale au-
dit of AGTD systems on social web data. Our findings re-
veal significant limitations in SoTA AGTD systems, par-
ticularly their high FPR and systemic biases against spe-
cific linguistic and cultural groups. Models like RADAR
consistently overestimate the probabilities of a text being
AI-generated, especially for liberal discourse and discus-
sions related to marginalized communities, such as Black
and LGBTQ+ groups. The other SoTA models also show a
similar trend to various degrees. These biases pose a risk
of further marginalizing historically oppressed communities
in digital spaces. This further solidifies the concerns estab-
lished in the prior literature about how African-American
English is more prone to be negatively attributed by AI sys-
tems (Koenecke et al. 2020; Hofmann et al. 2024). In the
era where AI is incorporated in almost anything and every-

thing in a maddening rush, our audits suggest a few words of
caution for such rapid real-world deployment of AGTD sys-
tems in the web content moderation pipeline highlighting the
need for rigorous human evaluation and precise operational
guidelines while using these tools.

Our experiments also demonstrate that integrating anti-
content sampling and leveraging mixed linguistic signal-
based models can enhance AGTD performance. Anticontent
sampling modestly reduces false positives by exposing mod-
els to a broader diversity of non-AI-generated text, while the
Intrinsic+RAIDAR framework, combining fine-grained lin-
guistic and global geometric features, achieves consistently
better results.

Limitations
Our audit considers human-generated text content from the
social web and reveals that even in such informal settings,
AGTD systems produce a high number of false positives.
Similar studies can be conducted on human-generated texts
in more formal settings (e.g., scientific reviews, journalistic
articles, political speeches etc.).

Extant literature points to the widening gaps between
resource-rich and resource-poor languages (Ahuja et al.
2023). Our audit is limited to AI-generated English text de-
tection systems. We hope this work will open the gates for
similar audits in non-English languages.

Our audit considers liberal and conservative discourse in
broad brush strokes. Given the strong political dissonance in
the social web and frequent word of wars between political
camps (Garimella and Weber 2017; Dutta et al. 2019; Khud-
aBukhsh et al. 2021; Wu and Resnick 2021), it is reasonable
to assume that our liberal and conservative subplatforms are
essentially liberal-majority and conservative-majority sub-
platforms. Morever, a user can be fiscally conservative and
socially liberal. Our current research does not consider such
nuanced political positions.

Finally, our current work focuses primarily on auditing
AGTD models from the perspective of high false posi-
tive rates and their potential socio-technical consequences
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like algorithmic invisibility for certain communities. While
we do evaluate models under paraphrasing-based tech-
niques (including multi-pass rewriting using LLMs), we ac-
knowledge that more diverse adversarial attacks such as
translation-based perturbations, malicious paraphrasing, and
collage attacks are not covered in this version. Incorporating
such attacks—especially those designed to evade detection
while preserving semantic intent—would be a valuable ex-
tension to stress-test the robustness of AGTD systems.

Ethical Statement
We consider datasets procured through publicly available
APIs and well-known AGTD models found in the litera-
ture. Moreover, we consider aggregate analyses without fo-
cusing on individual users. We thus do not see any major
ethical concern. That said, any research on content filter
can be used for malicious purposes. That said, our findings
reveal that SOTA AGTD models often fail to account for
various linguistic features, especially related to diverse eth-
nic groups. Our results demonstrate the models are more
likely to disproportionately classify the African-American
and LGBTQ+ related text as AI generated with an exception
of Binocular and Ghostbusters models. The poten-
tial misuse of these AGTD models raises significant con-
cerns as they could be used to unjustly suppress the voices
of marginalized communities.
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Appendices
A Misclassified examples
Here we present a broad analysis of false positives
through various linguistic lenses. We find that general fea-
tures—such as context length, syntactic complexity, and to-
ken diversity—often do not differ substantially between cor-
rectly and incorrectly classified examples. As we generate
the AI-rewriting based on the original text, these basic fea-
tures do not deviate largely from the original human-written
text. Furthermore, advanced model-specific metrics such as
Levenshtein distance and unigram distributional differences
(used in models like RAIDAR and Ghostbusters) (Figure 1,
2, 3, 4) or Persistent Homology Dimension (Table 5, 6, 7, 8,
9, 10) show wide variability and sometimes close proximity
between misclassified human texts and actual AI-generated
samples. We provide illustrative plots in this section high-
lighting the feature overlap across classes, as well as a sam-
ple table (Table 6) containing representative examples of
false positives and false negatives. These examples demon-
strate the inconsistencies and vulnerabilities of current de-
tection systems when confronted with nuanced or contextu-
ally rich human writing.

Figure 1: The fuzzywuzzy feature scores for the RAIDAR
model in case of TP, TN, FP and FN

Figure 2: The combined feature scores for the RAIDAR
model in case of TP, TN, FP and FN
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Text Original Label Prediction
can you imagine if the main stream would have reported on Ron Paul’s
even huger crowds? no neither can I

Human (0) AI (1)

It’s amusing to see people suddenly labeling CNN as ”fake news” only
after Trump popularized the term. It’s a reminder of how easily influ-
enced and gullible people can be.

AI (1) Human (0)

SOON WILL BE IN ’MOP BOSS MODE.’ WILL NEED TO MOP UP
ALL THE MESS HE CREATED IN CRIMES AND BRIBES!!!

Human (0) AI (1)

Disappointed in the USA’s government and leader, cancelled trip and
boycotting USA and Trump products.

AI (1) Human (0)

Thank you Mr. Reppenhagen for speaking out with intelligence, truth
and compassion about the horrors of war, unwrapped from pretty patri-
otic propaganda. Godspeed.

Human (0) AI (1)

Table 6: Examples of misclassifications by AGTD systems, including both false positives (Human → AI) and false negatives
(AI → Human).

Paraphraser Text r/Democrat r/Republicans r/Blackpeopletwitter CNN MSNBC FOX
Comments 3.07 ± 0.95 3.09 ±0.67 2.96 ± 0.7 2.98 ± 0.59 3.01 ± 0.63 3.1 ± 1.63

Comment paraphrased once 3.43 ± 19.45 2.54 ± 5.46 2.51 ± 15.99 3.11 ± 5.78 5.05 ± 55.53 3.57 ± 23.22ChatGPTT5
Comment paraphrased twice 2.31 ± 5.31 4.02 ± 20.96 7.36 ± 97.96 4.96 ± 51.11 2.47 ± 10.88 3.39 ± 27.13

Comments 3.07 ± 0.6 3.01 ± 2.17 3.03 ± 0.7 3.06 ± 1.08 3 ± 0.66 3 ± 0.67
Comment paraphrased once 1.71 ± 1.93 1.51 ± 2.9 2.57 ± 13.51 1.17 ± 6.67 1.77 ± 4.32 1.47 ± 9.09Pegasus
Comment paraphrased twice 1.65 ± 3.06 1.66 ± 2.92 0.75 ± 18.8 1.08 ± 7.79 0.99 ± 14.11 1.31 ± 3.99

Comments 3.03 ± 0.61 3.02 ± 0.61 3 ± 0.94 2.92 ± 0.58 3.02 ± 1.33 2.96 ± 0.7
Comment paraphrased once 1.51 ± 15.11 2.24 ± 11.05 3.29 ± 9.41 4.9 ± 44.4 1.53 ± 65.36 1.9 ± 27.87Llama
Comment paraphrased twice 2.4 ± 7.61 3.06 ± 11.6 3.1 ± 0.48 0.55 ± 41.13 2.33 ± 3.17 2.05 ± 9.98

Table 7: The Persistent Homology Dimension (PHD) scores for 500 comments from the three subreddit and three youtube news
channel in the year 2019 across paraphrasers

Figure 3: The probability of the comment being AI gener-
ated using RADAR for black people twitter subreddit for
year 2019.

Figure 4: The probability of the comment being AI gener-
ated using RADAR for black people twitter subreddit for
year 2024.
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Figure 5: The Persistent Homology Dimension (PHD)
scores for the black people twitter subreddit for year 2019

Figure 6: The Persistent Homology Dimension (PHD)
scores for the black people twitter subreddit for year 2024

Figure 7: The Persistent Homology Dimension (PHD)
scores for the Democrats subreddit for year 2019

Figure 8: The Persistent Homology Dimension (PHD)
scores for the Democrats subreddit for year 2024

Figure 9: The Persistent Homology Dimension (PHD)
scores for the Republicans subreddit for year 2019

Figure 10: The Persistent Homology Dimension (PHD)
scores for the Republicans subreddit for year 2024
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