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Abstract

We present NOTAI.AI, an explainable AI-
generated text detection system. Instead of re-
turning only a binary label or confidence score,
the system shows which signals influenced the
prediction and lets users inspect an attribution-
based sensitivity estimate obtained by subtract-
ing selected local contributions. NOTAI.AI
combines sentence-level conditional probabil-
ity curvature, a neural detector score, and in-
terpretable stylometric and readability features
in an XGBoost meta-classifier. It explains pre-
dictions with TreeSHAP feature contributions
and can turn the resulting evidence into a con-
cise natural-language explanation. We eval-
uate the system on a category-balanced sub-
set of RAID containing human-written, clean
AI-generated, and attacked AI-generated texts.
The full model outperforms variants based on
individual feature families, reaching 0.9685 F1
on the held-out within-subset test split. In an au-
tomatic evaluation, two model judges rate 94.5-
98.6% of generated explanations as faithful to
the supplied detector evidence. The web inter-
face1, source code2, and demonstration video3

are publicly available.

The demo is deployed with an on-demand GPU
server. After periods of inactivity, the first re-
quest may require a backend initialization.

1 Introduction

Large language models (LLMs) have made fluent
text generation widely available across education,
journalism, research, and everyday writing (Naveed
et al., 2025; Chang et al., 2024; Chung et al., 2023).
This has clear benefits, but it also makes the origin
of a text harder to judge. A student may revise an
AI-generated draft, a journalist may receive gener-
ated submissions, or a reviewer may need to assess
1 https://notai-ai.vercel.app
2 https://github.com/Oleksandr-MB/EMNLP2026DEMO_

NotAI.AI
3 https://youtu.be/l8Nk8kdBTHQ

whether a text has been heavily machine-written. In
such cases, the question is often not only whether
a detector predicts “AI” or “human”, but why it
makes that prediction.

Most deployed AI-text detectors provide little
to no help with the second question. They usually
return a label, a score, or both. However, a score by
itself is difficult to interpret, especially when detec-
tors are known to be sensitive to domain shifts, de-
coding choices, paraphrasing, and adversarial trans-
formations (Dugan et al., 2024; Wu et al., 2025). A
useful detection interface should therefore expose
the evidence behind its decision, so that users can
see whether the prediction is supported by several
signals or mainly driven by one fragile cue.

We introduce NOTAI.AI, a web-based demo sys-
tem for explainable machine-generated text detec-
tion. The system combines three types of evidence:
sentence-level conditional probability curvature, a
neural detector score, and interpretable stylometric
and readability features. These features are passed
to an XGBoost meta-classifier (Chen and Guestrin,
2016), and the resulting prediction is explained us-
ing TreeSHAP feature contributions (Lundberg and
Lee, 2017).

The interface is designed around this explana-
tion. Users can paste text, inspect the predicted
label and AI probability, compare the strongest
human-supporting and AI-supporting features, and
run an attribution-sensitivity analysis that subtracts
selected local contributions from the model logit.
The system can also generate a concise natural-
language explanation from the feature values and
their contributions.

Our contribution is primarily at the system and
interaction-design level rather than a new detection
or explanation algorithm: we integrate established
detector signals and make their competing local
contributions inspectable in one workflow.

We evaluate NOTAI.AI on a category-balanced
subset of RAID containing human-written, clean
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AI-generated, and attacked AI-generated texts
(Dugan et al., 2024). The full model outper-
forms variants that use only stylometric, neural,
or sentence-level curvature features, showing that
these feature families provide complementary sig-
nals within this subset. The demo shows users
these signals directly, rather than providing a single
detection score.

2 Related Work

Machine-generated text detection. AI-
generated text detection has been studied through
a range of statistical, neural, and watermarking-
based methods (Wu et al., 2025). Early user-facing
approaches such as GLTR expose token-level
likelihood patterns to help users inspect whether a
text follows model-like distributions (Gehrmann
et al., 2019). Other work uses likelihood-based
signals more directly: DetectGPT identifies
generated text through curvature in the proba-
bility landscape under perturbations (Mitchell
et al., 2023), while Fast-DetectGPT estimates a
related curvature signal more efficiently through
conditional probability statistics (Bao et al.,
2023). Supervised neural detectors, including
Transformer-based classifiers such as RoBERTa,
provide another strong family of methods and are
commonly evaluated across multi-domain and
multi-generator benchmarks (Liu et al., 2019;
Wang et al., 2024). Watermarking methods instead
embed detectable patterns during generation (Liu
et al., 2024; Kirchenbauer et al., 2023), but they
require cooperation from the generator and can be
affected by paraphrasing or post-editing.

Robustness and interpretability. A key chal-
lenge for AI-text detectors is robustness. Detectors
that perform well in one setting can degrade under
changes in domain, generator, decoding strategy, or
attack type (Dugan et al., 2024). This makes expla-
nation important: when a detector gives a predic-
tion, users should be able to inspect which signals
drove it rather than relying only on a score. Prior
systems such as GLTR and LLM-DetectAIve show
the value of presenting detector evidence in a user-
facing interface (Gehrmann et al., 2019; Abassy
et al., 2024). Recent work has also studied feature-
level patterns in AI-text detection (Kuznetsov et al.,
2025) and more complex authorship settings such
as human-AI co-writing (Su et al., 2025).

NOTAI.AI follows this line of work by com-
bining several complementary detector signals and

Figure 1: NOTAI.AI classifier architecture.

exposing their contributions to the user. Unlike
systems that return only a final label, our system
shows both AI-supporting and human-supporting
evidence and lets users test how selected feature
contributions affect the prediction.

3 NOTAI.AI System Overview

NOTAI.AI takes an input text and returns both a
detection result and an explanation of the evidence
behind it. The system has four main stages: feature
extraction, classification, attribution, and presenta-
tion. First, the backend extracts neural, curvature-
based, readability, and stylometric features from
the input text. These features are passed to an
XGBoost meta-classifier, which predicts whether
the text is human-written or AI-generated. The
prediction is then explained with feature-level con-
tributions and shown in the web interface together
with the strongest evidence for each class. Figure 1
shows the overall classifier pipeline.

3.1 Feature Extraction
Neural detector score. The neural signal comes
from a fine-tuned ModernBERT detector4 (Warner
et al., 2025; Drayson et al., 2025). The check-
point’s model card reports that it was trained on the
MAGE dataset; RAID is not listed as its training
source. We use this third-party checkpoint with-
out further fine-tuning. The web interface limits
input to 512 words, while the neural detector to-
kenization truncates input to 512 tokens. We use
the resulting softmax AI-class score as the feature
bert_ai_score; we do not assume that this score
is calibrated. It is one input to the meta-classifier
rather than a standalone verdict, and its effect on
4 https://huggingface.co/GeorgeDrayson/

modernbert-ai-detection
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a particular prediction is represented by its local
contribution.

Sentence-level conditional probability curvature.
The second signal is based on Conditional Proba-
bility Curvature (CPC), following Fast-DetectGPT
(Bao et al., 2023). CPC compares the likelihood
of the observed text with the expected likelihood
under a proxy language model. In practice, it cap-
tures whether the text lies in a smoother and more
predictable region of the model distribution, which
is often associated with generated text.

Instead of using a single document-level
CPC score, NOTAI.AI computes CPC
over sentence spans. The final feature set
includes six sentence-level CPC features:
cpc_sent_mean, cpc_sent_std, cpc_sent_min,
cpc_first_sent, cpc_middle_sent, and
cpc_last_sent. These features let the classifier
use both the overall curvature profile of the text and
position-specific information from the beginning,
middle, and end.

Readability and lexical features. We also
extract features that describe the structure
and lexical diversity of the text. These
include token_count, sentence_count,
avg_sentence_length, avg_word_length,
type_token_ratio, hapax_legomena_ratio,
and flesch_reading_ease. These features
capture simple but useful properties such as text
length, sentence structure, word choice, and
readability.

Surface and stylometric features. Finally,
the system extracts surface-level writing
cues: max_freq_2gram, max_freq_3gram,
max_freq_4gram, punctuation_count,
comma_count, semicolon_and_colon_count,
cliches, and stopword_ratio. These features
measure repetition, punctuation use, formulaic
phrasing, and function-word frequency. Several of
them are normalized by token count so that texts
of different lengths can be compared more fairly.

3.2 Meta-Classification

The extracted feature vector is passed to an Ex-
treme Gradient Boosting classifier implemented
with XGBoost (Chen and Guestrin, 2016). The full
model uses 22 features: 15 stylometric and read-
ability features, 6 sentence-level CPC features, and
the neural detector score. The classifier outputs an

AI probability, and the final label is obtained by
thresholding this probability.

A tree-based meta-classifier is suitable here be-
cause the feature families capture different types
of evidence and need not combine linearly. For
example, a high neural detector score may be more
convincing when it agrees with curvature and stylo-
metric evidence, while the same score may be less
reliable when other features point in the opposite
direction.

3.3 Explainability
For each prediction, NOTAI.AI computes addi-
tive feature contributions using the TreeSHAP im-
plementation for XGBoost (Lundberg and Lee,
2017). The contributions are defined in logit space:
positive values push the prediction toward the AI
class, while negative values push it toward the hu-
man class. The interface shows the strongest AI-
supporting and human-supporting features together
with their raw feature values.

The system can also generate a
short natural-language explanation using
google/gemma-4-31b-it (Gemma Team et al.,
2026) through OpenRouter, prompted as shown
in Appendix A. The explainer receives the
predicted label, AI probability, raw feature values,
and the strongest positive and negative feature
contributions. We also provide secondary wording
guidance derived from RAID-based SHAP
dependence plots. Because these value ranges are
dataset-specific and may not transfer to arbitrary
pasted text, the prompt treats the supplied local
contribution as authoritative, forbids provenance
claims, and describes the output only as evidence
used by this detector.

3.4 Demo Workflow
Users interact with NOTAI.AI through a web in-
terface, shown in Figure 2. They paste text into
the input panel and receive a predicted label, an
AI probability, and a ranked list of features that
influenced the prediction. The interface separates
evidence supporting the AI class from evidence
supporting the human class, which helps users see
whether the decision is one-sided or mixed.

The demo also includes an attribution-sensitivity
panel. Given a prediction logit ℓ and a set of se-
lected local feature contributions φi, the interface
reports an adjusted logit ℓ′ = ℓ−∑

i φi, and con-
verts it back into an AI probability. This view
shows the additive effect assigned to those contri-
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Figure 2: NOTAI.AI user interface. Sample text generated using ChatGPT (OpenAI, 2023).

butions for the current prediction. It does not rerun
or retrain the model with the features absent, does
not recompute tree interactions, and therefore must
not be interpreted as a counterfactual model predic-
tion. The interface displays this caveat next to the
adjusted score.

4 Evaluation

4.1 Dataset

We evaluate NOTAI.AI on a category-stratified sub-
set of the RAID benchmark (Dugan et al., 2024).
We selected RAID because it jointly provides the
benchmark coverage and metadata required for our
controlled evaluation, including multiple domains,
generators, decoding settings, adversarial transfor-
mations, and source relationships. The detector
features themselves are computed by our pipeline
rather than supplied by RAID. The subset contains
40,000 RAID training examples: 13,333 clean hu-
man (99.7% of the training partition’s 13,371),
13,333 clean AI, and 13,334 attacked AI. It is there-
fore approximately balanced across these three
source categories, not across the binary labels: the
two AI categories together make the binary task ap-

proximately 2:1 AI to human. RAID does not pro-
vide attacked-human counterparts; its adversarial
transformations are defined for machine-generated
texts.

The clean AI portion is balanced across the 11
generator labels, with approximately the same num-
ber of examples per generator. The attacked AI por-
tion is balanced across generator and attack type,
so that the evaluation does not depend on a single
generator or transformation type. This setup sup-
ports standard human-vs-AI detection on clean text
and measures detection of attacked AI within this
controlled subset.

4.2 Experimental Settings

For each example, we extract the feature set de-
scribed in subsection 3.1. This includes sentence-
level CPC features, the ModernBERT detector
score, and stylometric, lexical, and readability fea-
tures. The feature table is also released for inspec-
tion on Hugging Face5.

All model variants are trained and evaluated on

5 https://huggingface.co/datasets/chemige/RAID_
Balanced
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Model Acc. Prec. Rec. ROC AUC F1
All-AI majority 0.6650 0.6650 1.0000 0.5000 0.7988
Stylometric only 0.8895 0.9117 0.9233 0.9511 0.9174
ModernBERT only 0.8700 0.8749 0.9387 0.9122 0.9057
Sentence CPC only 0.8562 0.9306 0.8470 0.9246 0.8868
Full ensemble 0.9583 0.9731 0.9639 0.9924 0.9685

Table 1: Held-out test performance on the category-
balanced RAID subset. Precision, recall, and F1 are
computed for the AI class.

the same dataset split, using the same precomputed
feature values. We divide the data into approxi-
mately 85% training, 5% validation, and 10% test
examples. To avoid placing related texts (for ex-
ample, text t and its attacked version t′) in differ-
ent splits, we group the examples by their orig-
inal source ID. The split is also stratified by la-
bel. We tune the decision threshold on the val-
idation split and report the main results on the
held-out test split. The CPC features are computed
with EleutherAI/gpt-neo-1.3B as the proxy lan-
guage model (Black et al., 2021; Gao et al., 2020).
The proxy model is not assumed to be the genera-
tor of the evaluated text; it is used only to estimate
local likelihood behavior. For all feature-family
ablations, we train XGBoost classifiers using the
same training procedure, except for the feature set
available to the classifier.

The split holds out source groups but not en-
tire generators, domains, or attack types. Conse-
quently, the results measure in-distribution perfor-
mance within this constructed RAID subset; they
are not directly comparable to the official RAID
evaluation protocol and do not establish robustness
to unseen generators, domains, or attacks.

4.3 Classification Evaluation

Table 1 reports the main held-out test results. Be-
cause the contribution of NOTAI.AI is the explain-
ability workflow rather than a claim of state-of-
the-art detection performance, the classification
evaluation focuses on whether the integrated fea-
ture families provide complementary evidence. We
compare the full ensemble against three ablations
that use only one feature family: stylometric and
readability features, the ModernBERT detector
score, or sentence-level CPC features. All vari-
ants use the same train/validation/test split and
the same threshold-selection procedure described
above. Precision, recall, and F1 are reported for the
AI class.

The full ensemble performs best across all re-
ported metrics, reaching 0.9685 F1 and 0.9924

ROC AUC. This is a large improvement over both
the 0.7988 F1 all-AI majority baseline and the
strongest single-family variant, the stylometric-
only model, which reaches 0.9174 F1. On the 1,340
human test examples, the full ensemble correctly
classifies 1,269 and produces 71 false positives,
corresponding to 0.9470 human-class recall (speci-
ficity), 0.9383 human-class F1, and a 5.3% false-
positive rate. The results suggest that the three
feature families capture complementary signals:
stylometric features are strong on their own, Mod-
ernBERT provides high recall, and sentence-level
CPC provides high precision but lower recall.

The clean and attacked subsets also show dif-
ferent behavior across feature families. Modern-
BERT performs especially well on attacked AI
texts, while CPC is more reliable on clean text
than on attacked text. The full ensemble reaches
0.9603 accuracy on clean test examples and 0.9540
accuracy on attacked AI examples. Because all at-
tacked examples are AI-labeled, the latter number
may partly reflect transformation artifacts and must
not be interpreted as general attack robustness. We
include the detailed F1 heatmap per topic-generator
pair in Figure 5 (see Appendix B).

4.4 Explanation Evaluation
We evaluate the faithfulness of the generated
explanations on a category-stratified sample
of 500 examples from the complete RAID-
derived feature table (167 human, 167 clean
AI, and 166 attacked AI). For each example,
google/gemma-4-31b-it receives the detector
prediction, probability, raw feature values, and
strongest local TreeSHAP contributions. We
then evaluate the resulting explanation against
this supplied evidence using two separate model
judges, google/gemma-4-26b-a4b-it (Gemma
Team et al., 2026) and qwen/qwen3.6-35b-a3b
(Qwen Team, 2026). The judges assess whether fea-
ture directions and values are faithful, whether the
summary is consistent with the prediction, whether
it introduces no unsupported claims, and whether
the explanation avoids claiming true authorship.
We define an explanation as overall faithful only
when all five criteria pass. Thus, this evaluation
measures fidelity to the detector evidence rather
than whether the detector’s prediction is correct.

All 500 explanations were valid JSON. The de-
terministic checks found no unexpected features
and no polarity errors; mean coverage of the sup-
plied evidence was 98.4%, and 98.4% of explana-
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Criterion Gemma (%) Qwen (%) Agree (%) κ

Polarity correct 98.8 95.4 94.9 0.130
Values faithful 98.6 94.5 93.8 0.103
Summary consistent 98.8 98.9 98.5 0.356
No unsupported claims 98.8 94.5 94.1 0.110
No authorship claim 98.8 99.1 98.7 0.394
Overall faithful 98.6 94.5 93.8 0.103

Table 2: Automatic explanation-faithfulness results.
The Gemma judge produced 500 valid judgments, and
Qwen produced 454; agreement and Cohen’s κ are com-
puted over the 454 paired judgments. Overall faithful-
ness requires all five component criteria to pass.

tions contained a non-empty summary. TreeSHAP
contributions also closely reconstructed the detec-
tor logit, with a mean absolute error of 3.26×10−6

and a maximum error of 1.99× 10−5.
As shown in Table 2, both judges rate more

than 94% of their valid judgments as faithful over-
all. Their overall decisions agree on 93.8% of
paired examples (κ = 0.103). Agreement is
strongest for avoiding authorship claims (98.7%,
κ = 0.394), while the remaining criteria have raw
agreement between 93.8% and 98.5% and lower
chance-corrected agreement. Qwen is somewhat
more conservative in its error counts, reporting
0.139 contradictions and 0.042 unsupported claims
per valid judgment on average, compared with
0.002 and 0.000 for Gemma. Qwen produced 454
valid JSON judgments; its other 46 responses could
not be parsed as JSON and are excluded from its
rates and the agreement analysis. Overall, the re-
sults indicate that the explainer usually verbalizes
the supplied local evidence correctly, although in-
complete judge coverage and judge disagreements
leave room for stricter output validation.

4.5 Feature Influence Analysis
We collect absolute TreeSHAP contributions
across the complete feature table in Figure 3.
cpc_sent_mean has the largest average absolute
contribution and a wide spread, showing that cur-
vature is central but highly instance-dependent.

bert_ai_score is the second strongest feature.
Its raw distribution is polarized: median scores
are 0.0281 for clean human, 0.9873 for clean AI,
and 0.9868 for attacked AI. Nevertheless, 27.6% of
human examples score at least 0.5, while 5.8% of
clean AI and 7.5% of attacked AI examples score
below 0.5. Figure 4 shows that the ensemble uses
the score nonlinearly: low and intermediate scores
generally reduce the AI logit, while scores near
the upper end can increase it sharply. The overlap
confirms that this is an ensemble feature, not a

standalone verdict.
The strongest interpretable style features

are avg_word_length, hapax_legomena_ratio,
stopword_ratio, and flesch_reading_ease.
However, type_token_ratio, max_freq_2gram,
comma_count, and cpc_sent_std have moderate
influence, while longer n-gram repetition features
contribute less. Hence, the exposed evidence com-
bines curvature-based, neural, and human-readable
stylistic signals.

5 Conclusion

We presented NOTAI.AI, a system for explain-
able AI-generated text detection. The system com-
bines sentence-level CPC features, a neural detec-
tor score, and stylometric and readability features
in an XGBoost meta-classifier. Instead of showing
only a label or confidence score, the interface ex-
poses feature-level evidence for both the AI and
human classes, provides an attribution-sensitivity
view with an explicit non-counterfactual caveat,
and can generate a short natural-language explana-
tion grounded in the model’s feature contributions.

Our experiments on a category-balanced RAID
subset show that the full ensemble outperforms
variants using only one feature family. This sug-
gests that neural, curvature-based, and stylomet-
ric signals capture complementary aspects of AI-
generated text within this controlled setting. Two
automatic judges rate 94.5-98.6% of generated ex-
planations as faithful to the supplied detector ev-
idence. More importantly for the demo setting,
NOTAI.AI makes these signals visible to the user,
allowing the prediction to be inspected rather than
treated as a single opaque detector score.

Limitations and Future Work

NOTAI.AI currently uses binary human-vs.-AI
classification, although real authorship is often
more nuanced. Future work will extend the sys-
tem to mixed-provenance settings, such as AI-
generated text that has been subsequently human-
ized or human-written text that has been lightly
revised by AI.

Our evaluation is limited to English texts from
a category-balanced subset of the RAID training
partition. Because the split does not hold out entire
generators, domains, or attack types, the results
do not establish out-of-distribution robustness or
generalization to newer models. Moreover, RAID
contains no attacked-human counterparts, so per-
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Figure 3: Distribution of absolute feature contributions for the full ensemble. Features are ordered by their average
absolute contribution.

Figure 4: ModernBERT score dependence in the full
ensemble. The axes show the raw neural score and its
TreeSHAP contribution to the AI logit.

formance on attacked AI text may partly reflect
transformation artifacts. Broader evaluation should
include unseen generators, domains, languages, at-
tacks, and real-world editing workflows.

Classification comparisons are limited to a ma-
jority baseline and internal feature-family ablations,
as our goal is to test the complementarity of the
evidence exposed by the interface rather than estab-
lish state-of-the-art detection performance. Accord-
ingly, the reported results should be interpreted as
evidence of internal complementarity rather than
benchmark superiority.

The explanation interface describes the model’s
decision process rather than establishing true au-
thorship. TreeSHAP reports feature contributions
to the XGBoost prediction, while the sensitivity
panel subtracts selected additive attributions from

the original logit and should not be interpreted as
a counterfactual prediction with those features re-
moved.

Finally, the natural-language explanations rely
on local contributions and RAID-derived SHAP
ranges that may not transfer out of distribution. Al-
though our automatic evaluation measures faithful-
ness to the supplied detector evidence, model-based
judges do not replace human annotation or demon-
strate that the interface improves user judgments.
Future work will explore stricter explanation vali-
dation and user studies.

Ethics Statement

NOTAI.AI is a transparency-oriented demo for in-
specting evidence used in AI-generated text de-
tection. Its outputs are model-based signals and
should not replace human judgment.

Key risks include false positives, privacy of sub-
mitted text, and uneven performance across writing
styles or user groups, particularly for students and
non-native writers. To discourage over-reliance
on a single score, the interface presents both AI-
supporting and human-supporting evidence.

Submitted text should be treated as sensitive.
The demo does not require identifying information.
If the optional natural-language explanation is used,
the text and detector evidence are sent through
OpenRouter to the selected model provider. This
data flow is disclosed to users, who should consult
the selected provider’s applicable retention policy.

712



References
Mervat Abassy, Kareem Elozeiri, Alexander Aziz,

Minh Ngoc Ta, Raj Vardhan Tomar, Bimarsha
Adhikari, Saad El Dine Ahmed, Yuxia Wang,
Osama Mohammed Afzal, Zhuohan Xie, et al. 2024.
Llm-detectaive: a tool for fine-grained machine-
generated text detection. In Proceedings of the 2024
conference on empirical methods in natural language
processing: System demonstrations, pages 336–343.

Guangsheng Bao, Yanbin Zhao, Zhiyang Teng, Linyi
Yang, and Yue Zhang. 2023. Fast-detectgpt: Effi-
cient zero-shot detection of machine-generated text
via conditional probability curvature. arXiv preprint
arXiv:2310.05130.

Sid Black, Gao Leo, Phil Wang, Connor Leahy,
and Stella Biderman. 2021. GPT-Neo: Large
Scale Autoregressive Language Modeling with Mesh-
Tensorflow.

Yupeng Chang, Xu Wang, Jindong Wang, Yuan Wu,
Linyi Yang, Kaijie Zhu, Hao Chen, Xiaoyuan Yi,
Cunxiang Wang, Yidong Wang, et al. 2024. A sur-
vey on evaluation of large language models. ACM
transactions on intelligent systems and technology,
15(3):1–45.

Tianqi Chen and Carlos Guestrin. 2016. Xgboost: A
scalable tree boosting system. In Proceedings of the
22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’16,
page 785–794. ACM.

John Chung, Ece Kamar, and Saleema Amershi. 2023.
Increasing diversity while maintaining accuracy:
Text data generation with large language models and
human interventions. In Proceedings of the 61st An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 575–593,
Toronto, Canada. Association for Computational Lin-
guistics.

George Drayson, Emine Yilmaz, and Vasileios Lam-
pos. 2025. Machine-generated text detection pre-
vents language model collapse. In Proceedings of the
2025 Conference on Empirical Methods in Natural
Language Processing, pages 29657–29673, Suzhou,
China. Association for Computational Linguistics.

Liam Dugan, Alyssa Hwang, Filip Trhlík, Andrew
Zhu, Josh Magnus Ludan, Hainiu Xu, Daphne Ip-
polito, and Chris Callison-Burch. 2024. RAID: A
shared benchmark for robust evaluation of machine-
generated text detectors. In Proceedings of the 62nd
Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 12463–
12492, Bangkok, Thailand. Association for Compu-
tational Linguistics.

Leo Gao, Stella Biderman, Sid Black, Laurence Gold-
ing, Travis Hoppe, Charles Foster, Jason Phang, Ho-
race He, Anish Thite, Noa Nabeshima, et al. 2020.
The pile: An 800gb dataset of diverse text for lan-
guage modeling. arXiv preprint arXiv:2101.00027.

Sebastian Gehrmann, Hendrik Strobelt, and Alexander
Rush. 2019. GLTR: Statistical detection and visual-
ization of generated text. In Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics: System Demonstrations, pages 111–116,
Florence, Italy. Association for Computational Lin-
guistics.

Gemma Team, Sherif El Abd, Vaibhav Aggarwal, Robin
Algayres, Alek Andreev, Olivier Bachem, Ian Bal-
lantyne, Cormac Brick, Victor Cărbune, Michelle
Casbon, Mayank Chaturvedi, Victor Cotruta, Alice
Coucke, Phil Culliton, Robert Dadashi, Lucas Dixon,
Mohamed Elhawaty, Utku Evci, Clément Farabet,
and 282 others. 2026. Gemma 4 technical report.
Preprint, arXiv:2607.02770.

John Kirchenbauer, Jonas Geiping, Yuxin Wen,
Jonathan Katz, Ian Miers, and Tom Goldstein. 2023.
A watermark for large language models. In Inter-
national Conference on Machine Learning, pages
17061–17084. PMLR.

Kristian Kuznetsov, Laida Kushnareva, Anton Razzhi-
gaev, Polina Druzhinina, Anastasia Voznyuk, Irina
Piontkovskaya, Evgeny Burnaev, and Serguei Baran-
nikov. 2025. Feature-level insights into artificial text
detection with sparse autoencoders. In Findings of
the Association for Computational Linguistics: ACL
2025, pages 25727–25748, Vienna, Austria. Associa-
tion for Computational Linguistics.

Aiwei Liu, Leyi Pan, Yijian Lu, Jingjing Li, Xuming
Hu, Xi Zhang, Lijie Wen, Irwin King, Hui Xiong,
and Philip Yu. 2024. A survey of text watermarking
in the era of large language models. ACM Computing
Surveys, 57(2):1–36.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Scott M Lundberg and Su-In Lee. 2017. A unified ap-
proach to interpreting model predictions. Advances
in neural information processing systems, 30.

Eric Mitchell, Yoonho Lee, Alexander Khazatsky,
Christopher D Manning, and Chelsea Finn. 2023. De-
tectgpt: Zero-shot machine-generated text detection
using probability curvature. In International con-
ference on machine learning, pages 24950–24962.
PMLR.

Humza Naveed, Asad Ullah Khan, Shi Qiu, Muhammad
Saqib, Saeed Anwar, Muhammad Usman, Naveed
Akhtar, Nick Barnes, and Ajmal Mian. 2025. A
comprehensive overview of large language models.
ACM Trans. Intell. Syst. Technol., 16(5).

OpenAI. 2023. Chatgpt. https://chat.openai.com.
Large language model.

Qwen Team. 2026. Qwen3.6-35B-A3B: Agentic coding
power, now open to all.

713

https://doi.org/10.5281/zenodo.5297715
https://doi.org/10.5281/zenodo.5297715
https://doi.org/10.5281/zenodo.5297715
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.18653/v1/2023.acl-long.34
https://doi.org/10.18653/v1/2023.acl-long.34
https://doi.org/10.18653/v1/2023.acl-long.34
https://doi.org/10.18653/v1/2025.emnlp-main.1506
https://doi.org/10.18653/v1/2025.emnlp-main.1506
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/P19-3019
https://doi.org/10.18653/v1/P19-3019
https://arxiv.org/abs/2607.02770
https://aclanthology.org/2025.findings-acl.1321/
https://aclanthology.org/2025.findings-acl.1321/
https://doi.org/10.1145/3744746
https://doi.org/10.1145/3744746
https://chat.openai.com
https://qwen.ai/blog?id=qwen3.6-35b-a3b
https://qwen.ai/blog?id=qwen3.6-35b-a3b


Zhixiong Su, Yichen Wang, Herun Wan, Zhaohan
Zhang, and Minnan Luo. 2025. HACo-det: A study
towards fine-grained machine-generated text detec-
tion under human-AI coauthoring. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 22015–22036, Vienna, Austria. Association
for Computational Linguistics.

Yuxia Wang, Jonibek Mansurov, Petar Ivanov, Jinyan
Su, Artem Shelmanov, Akim Tsvigun, Chenxi White-
house, Osama Mohammed Afzal, Tarek Mahmoud,
Toru Sasaki, Thomas Arnold, Alham Fikri Aji,
Nizar Habash, Iryna Gurevych, and Preslav Nakov.
2024. M4: Multi-generator, multi-domain, and multi-
lingual black-box machine-generated text detection.
In Proceedings of the 18th Conference of the Euro-
pean Chapter of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1369–
1407, St. Julian’s, Malta. Association for Computa-
tional Linguistics.

Benjamin Warner, Antoine Chaffin, Benjamin Clavié,
Orion Weller, Oskar Hallström, Said Taghadouini,
Alexis Gallagher, Raja Biswas, Faisal Ladhak, Tom
Aarsen, et al. 2025. Smarter, better, faster, longer:
A modern bidirectional encoder for fast, memory
efficient, and long context finetuning and inference.
In Proceedings of the 63rd Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 2526–2547.

Junchao Wu, Shu Yang, Runzhe Zhan, Yulin Yuan,
Lidia Sam Chao, and Derek Fai Wong. 2025. A
survey on LLM-generated text detection: Necessity,
methods, and future directions. Computational Lin-
guistics, 51(1):275–338.

714

https://aclanthology.org/2025.acl-long.1069/
https://aclanthology.org/2025.acl-long.1069/
https://aclanthology.org/2025.acl-long.1069/
https://doi.org/10.18653/v1/2024.eacl-long.83
https://doi.org/10.18653/v1/2024.eacl-long.83
https://doi.org/10.1162/coli_a_00549
https://doi.org/10.1162/coli_a_00549
https://doi.org/10.1162/coli_a_00549


Appendix

A Explainer Prompt

Explain the AI detector's output from the supplied feature values and SHAP importance scores. Positive scores support the AI label
; negative scores support the human label.

You will receive JSON with these keys:
- raw_text: text snippet or summary
- label: ai or human
- probability_ai: the float number with probability
- features_positive: the dictionary containing top features influencing the "AI" decision. Name of features are keys and

dictionary with importance_score and raw_value are values for each feature key
- features_negative: the dictionary containing top features influencing the "human" decision. Name of features are keys and

dictionary with importance_score and raw_value are values for each feature key

Feature glossary (use these exact feature keys in returned JSON, but explain them in plain language). The ranges below are
descriptive cut-points derived from the system's RAID-based SHAP dependence plots; they are not universal thresholds and may
not transfer to arbitrary pasted text. Use them only to describe the detector's behavior. The supplied importance_score is

the authority for the direction and strength of this specific prediction, even when a raw value appears inconsistent with a
range below.

- token_count: total token count, if this feature is present. Very short texts below about 171 tokens and medium-long texts around
342-484 tokens support AI. Mid-length texts around 171-314 tokens support human, and extremely long texts above about 484

tokens strongly support human.
- sentence_count: number of sentences, if this feature is present. Fewer than about 11 sentences supports human. Around 11 or more

sentences supports AI, with strongest AI evidence around 14-25 sentences.
- cpc_sent_mean: average CPC across sentences. Values below about 0.31 support human. Values above about 0.31 support AI, above

0.45 is strong AI evidence, and above about 0.79 is very strong AI evidence.
- cpc_sent_std: variation in CPC across sentences. Values below about 0.82 usually support human. Values above about 0.91 support

AI, above 1.07 is stronger AI evidence, and above about 1.36 is very strong AI evidence.
- cpc_sent_min: lowest sentence CPC. This is non-monotonic: extremely low values below about -3.4 support AI, values from about

-3.4 to -0.8 usually support human, and values above about -0.8 support AI, especially above about -0.25.
- cpc_first_sent: CPC of the first sentence. This feature is mixed and should follow the importance_score closely: values below

about -1.62 support human, around -1.62 to -1.07 can support AI, around -0.13 to 0.33 supports human, and values above about
0.99 increasingly support AI.

- cpc_middle_sent: CPC of the middle sentence. This feature is mixed and non-monotonic: values below about -0.91 are human-leaning
, around -0.91 to 0.45 supports AI, around 0.45-1.57 supports human, and very high values above about 2.33 support AI.

- cpc_last_sent: CPC of the last sentence. Values below about 0.31 usually support AI, especially below about -1.0. Values above
about 0.31 usually support human, strongest around 0.85-1.64.

- bert_ai_score: probability (0-1) from the integrated BERT-based detector. Scores below about 0.91 support human. Scores above
about 0.91 support AI, above 0.98 is strong AI evidence, and above about 0.986 is very strong AI evidence.

- avg_sentence_length: tokens per sentence. Values below about 20 support AI. Values around 20-27 support human, 29-36 supports AI
again, and values above about 36 are weak or mixed.

- avg_word_length: mean word length. Very short words below about 3.87 support AI, and long words above about 4.89 support AI,
especially above 5.37. Middle values around 3.87-4.89 usually support human.

- type_token_ratio: lexical diversity, the share of unique words. Values below about 0.56 usually support human. Values above
about 0.56 support AI, above 0.61 is stronger, and above 0.76 is very strong AI evidence.

- hapax_legomena_ratio: share of words occurring once. Values below about 0.37 usually support human. Values above about 0.37
support AI, above 0.41 is stronger, and above 0.63 is very strong AI evidence.

- max_freq_2gram: highest normalized 2-word phrase repetition. Values below about 0.019 usually support human. Values above about
0.019 support AI, and above about 0.025 is stronger AI evidence.

- max_freq_3gram: highest normalized 3-word phrase repetition. This feature is weaker and mildly non-monotonic: values below about
0.010 support human, values around 0.010-0.022 support AI, and values above about 0.022 are weak or mixed.

- max_freq_4gram: highest normalized 4-word phrase repetition. This feature is weaker and non-monotonic: values below about 0.0039
support human, values around 0.0039-0.0125 support AI, and high values above about 0.0156 support human.

- punctuation_count: fraction of tokens that are punctuation. Values below about 0.10 usually support human or are near-neutral.
Values above about 0.10 support AI, with stronger AI evidence above about 0.128.

- comma_count: fraction of tokens that are commas. Low values below about 0.026 support human. Middle values around 0.026-0.085
are mixed, so follow the importance_score. Very high values above about 0.085 strongly support AI.

- semicolon_and_colon_count: fraction of ";" or ":" tokens. Zero or tiny values below about 0.0036 usually support human. Values
around 0.0036-0.012 support AI, with strongest AI evidence around 0.005-0.012; values above about 0.012 are weaker or mixed.

- cliches: fraction of tokens in the cliche list. Zero or near-zero values below about 0.0028 usually support human. Values above
about 0.0028 support AI, and above about 0.0054 is strong AI evidence.

- stopword_ratio: fraction of stopwords. Very low or zero values below about 0.054 strongly support AI. Values around 0.054-0.39
usually support human, 0.39-0.44 is mixed, and values above about 0.44 support AI, strongest around 0.49-0.56.

- flesch_reading_ease: readability scaled roughly to 0-1, where higher is easier to read. Values below about 0.61 usually support
AI, especially around 0.22-0.50. Values around 0.65-0.83 support human, while values above about 0.83 are weaker or mixed.

Your task:
1) Explain, in 1-2 sentences each, how these feature values support the final label.
2) Keep it concise, non-technical, and grounded in the supplied values; do not invent data.
3) Use the exact supplied feature keys as JSON keys, but explain them with plain-language descriptions from the feature glossary.
4) Describe evidence as influence on this detector, never as proof of AI or human authorship. Do not claim that a feature value is

inherently AI-like or human-like outside this prediction.
5) Do not introduce confidence claims, provenance claims, thresholds, feature values, or causal explanations that are absent from

the input. If a glossary range conflicts with importance_score, follow importance_score and avoid citing the range.
6) In the summary, state that the label reflects the detector's combined evidence and is not a determination of true authorship.

Return JSON:
{

"top_ai_evidence": {"feature1" : "explanation1", "feature2" : "explanation2", ... "featureN" : "explanationN"},
"top_human_evidence": {"feature1" : "explanation1", "feature2" : "explanation2", ... "featureN" : "explanationN"},
"summary": "2-3 sentence plain-language rationale"

}
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B F1 Score Heatmap per Topic-Generator Pair

Figure 5: F1-Score heatmap per topic-generator model pair for the full ensemble classifier.

716


