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Abstract

The rapid proliferation of large language models capable of generating fluent and contextually coherent text has made reliable
authorship attribution both a practical and ethical necessity. Outputs from systems such as GPT-4, LLaMA 2, and Claude are
increasingly indistinguishable from human-authored prose, yet current detection methodologies remain insufficient to meet
this challenge. This study aims to develop and evaluate a fine-tuned RoBERTa-base binary classifier for distinguishing Al-
generated text from human-authored text under stratified cross-validation conditions, assess the model's robustness to a known
length-based confound through a controlled ablation study; and provide interpretable explanations of the classifier's decisions
through dual token-level attribution using Gradient % Input Saliency and Attention Rollout. The model is trained and evaluated
via stratified five-fold cross-validation on a balanced corpus of 6,069 samples (3,069 Al-generated and 3,000 human-authored)
and benchmarked against four established baselines spanning classical, neural, and zero-shot paradigms. The classifier
achieves a mean accuracy of 99.93%, a weighted F1-score of 0.9993, and a mean AUC-ROC of 1.0000 across all five folds. A
length-balanced ablation produces an accuracy decline of only 0.11 percentage points, providing empirical evidence that the
model has learned genuine semantic and stylistic distinctions rather than superficial length-based cues. Gradient x Input
Saliency maps indicate that Al-generated texts are characterised by technically precise, domain-specific vocabulary, whereas
human-authored texts are identified through discourse markers and rhetorically structured expression, with both attribution
methods converging on the same high-saliency tokens.
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1. Introduction has been similarly rapid, ChatGPT achieved 100

million users within two months of its launch [12], [13],

Recs:nt advancements in artificial intelligence, thereby integrating LLM-assisted writing deeply into
particularly the development of large language the workflows of education [14], journalism [15]
models[1], [2], have introduced both significant - >

healthcare communication [16], [17], and software

opportunities and challenges [3-5]. These models,
exemplified by systems such as GPT-4 [6], [7], LLaMA
2[8], and Claude [9], [10], have rapidly evolved from
generating awkward, mechanically recognizable text to
producing writing that is indistinguishable from human-
authored content in uncontrolled reading environments.
This capability spans a wide range of domains,
including scientific abstracts, legal briefs, journalistic
commentary, and literary fiction.

Recent empirical studies have documented a 55.4%
increase in Al-generated news articles on mainstream
websites [11]. The trajectory of commercial adoption

engineering [18], [19].

The task of differentiating Al-generated text from
human-authored writing represents one of the most
dynamic and debated issues in current natural language
processing research [4]. The initial generation of
automated detectors was based on distributional
statistics, including perplexity thresholds, burstiness
metrics, and n-gram frequency anomalies. These
metrics were derived from the observation that outputs
from language models tend to exhibit greater local
predictability compared to human writing.
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These methods, while computationally efficient and
theoretically sound, exhibit inherent fragility. As
generative models have expanded in scale and diversity
of training data, their outputs have increasingly aligned
with the statistical distribution of human text. The
Washington Post has highlighted that even a minor false
positive error rate in tools such as GPTZero could lead
to students being erroneously accused of academic
misconduct [20]. Furthermore, independent research, as
well as Wikipedia, has identified higher false positive
rates than those typically reported by vendors,
particularly concerning human-generated text. This
finding carries significant reputational and institutional
implications for any deployment context where the cost
of a false accusation is substantial [21], [22].

The limitations inherent in statistical detectors have led
to the adoption of transformer classifiers, particularly
those utilizing BERT [23] [24] and RoBERTa [25].
These classifiers have significantly enhanced accuracy
by learning contextual and semantic representations, as
opposed to relying on surface-level distributional
signals. Chen et al. (2020) reported accuracies
surpassing 95% on mixed-domain binary authorship
tasks [26], while Laois et al. (2023) demonstrated AUC-
ROC values exceeding 0.98 for in-distribution GPT-2
detection using a ROBERTa-based classifier [27].

Recent advancements have demonstrated that fine-
tuned RoBERTa detectors exhibit robust generalization
datasets encompassing diverse generation models,
types, and text styles. Furthermore, research into the
transformer embedding spaces has revealed that the
removal of domain-specific spurious features from
RoBERTa representations can enhance out-of-
distribution classification scores by up to 9% (ACL
Anthology) [28], [29].

Systematic benchmarking of real-world detection
scenarios has identified a general deficiency in
robustness among existing detectors across various
domains and generators. For example, DetectGPT
achieved an AUROC of only 22.15% in academic
writing and 12.21% in news writing contexts, as
reported in NeurIPS. Uchendu et al. (2021)
demonstrated through the TURINGBENCH benchmark
that detectors trained on text from one LLM exhibit
poor performance when applied to text from a different
model [30]. This finding suggests a reliance on source-
specific surface features rather than on generalizable
structural signals.

The present study makes three contributions that
distinguish it from prior work. First, unlike existing
transformer-based detectors that report classification
performance without explanation, this study integrates
dual token-level interpretability mechanisms —
Gradient x Input Saliency and Attention Rollout —
directly into the evaluation pipeline, enabling an
auditable account of the features driving each
classification decision. Second, we introduce a length-
balanced ablation experiment that systematically
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removes the text-length confound present in the corpus,
providing direct empirical evidence that the model's
near-perfect accuracy reflects genuine semantic and
stylistic learning rather than a word-count shortcut —
an analysis not previously reported on a comparable
dataset. Third, by applying two attribution methods of
independent theoretical derivation to the same model
and corpus, we demonstrate cross-method convergence
of token-level attributions, strengthening the reliability
of the interpretability findings beyond what a single
attribution method can establish

This study is predicated on the hypothesis that a
meticulously fine-tuned encoder-only transformer is
capable of achieving near-perfect differentiation
between Al-generated and human-authored text.
Furthermore, this differentiation can be elucidated
through systematic token-level attribution analysis. We
present a fine-tuned RoBERTa-base binary classifier,
which has been trained and evaluated using stratified 5-
fold cross-validation on a curated corpus comprising
6,069 labeled samples.

This model is augmented with two complementary
interpretative mechanisms: Gradient x Input Saliency
[31], [32], which calculates token-level significance,
and Attention Rollout [33], [34], which recursively
disseminates a normalized attention matrix. Notably,
we introduce ablation experiments that empirically
differentiate semantic learning, a topic not previously
addressed in formal research on comparable datasets.

2. Methods

This section delineates the methodology as depicted in
Figure 1, encompassing the stages from raw data
preparation to model training and culminating in dual
interpretability analysis. All experiments were
conducted on an Apple Silicon platform (16 GB unified
memory) using PyTorch 2.x with Metal Performance
Shaders (MPS) acceleration. Each fold required
approximately 8-12 minutes of wall-clock time,
yielding a total runtime of 50-60 minutes per
configuration.

The study uses the publicly available Kaggle dataset
“Al vs. Human Text”; no additional data were collected
[35]. It contains 6,069 texts: 3,069 Al-generated
samples (label = 1) and 3,000 human-written samples
(label = 0), for a class distribution of 50.6% AI and
49.4% human.

The CSV dataset has three fields per record: a
sequential index (idx), the raw text (Text), and a binary
authorship label (Author). Al-generated texts average
44.4 words (o = 18.9, median 40, 95th percentile 60),
while human-authored texts average 270.7 words (¢ =
193.1, median 218, maximum 1,487), a 6:1 mean word-
count ratio. The provenance metadata for the Kaggle
release does not document the specific LLMs used to
generate the Al-labelled texts or the original sources of
the human-authored texts.
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Figure 1. Research Pipeline

Each raw text undergoes a four-stage deterministic
transformation prior to being processed by the model, as
depicted in Figure 2. In stage 1, each text undergoes
processing by RoBERTa's Byte-Pair Encoding (BPE)
tokenizer [27], which is trained on a vocabulary
comprising 50,265 tokens. BPE decomposes words into
subword units, effectively balancing vocabulary size
with sequence length whereas rare words are divided
into multiple subword components.

In Stage 2, the raw sequence is truncated to a maximum
of L = 128 tokens and right-padded with [PAD] to
generate a fixed-length integer tensor Ti. Meanwhile in
stage 3, a binary attention mask Mi € {0,1}"128 is

BPE Truncate
tokenisation & pad
B
[CLS] + subword max L = 128
tokens + [SEP] tokens
vocab |V| = T € Z12®8

50,265 (right-padded)

constructed concurrently with Ti, assigning a value of
1 to real token positions and 0 to padding positions.
This mask is directly input into the self-attention
mechanism, thereby preventing the model from
attending to [PAD] symbols and ensuring that padding
does not contribute informational weight to the
contextual representations.

In final stage, a learned token embedding matrix E €
RM{|V|x768} maps each token index to a 768-
dimensional vector. For gradient-based interpretability
(Section II-D), it is essential that these embedding
tensors are retained within PyTorch's autograd
computation graph.

o

Attention Token

mask embedding
>
Mi € {0,1}12° DS et Ry
’ € R768
jé:_ t[OPTDn]' (retained in
- comp. graph)

Figure 2. Four-stage data tokenisation pipeline

2.1 RoBERTa Encoder Architecture

RoBERTa-base is an encoder-only transformer model
comprising K = 12 stacked Multi-Head Self-Attention
(MHSA) layers, pre-trained on 160 GB of English text
using a dynamically masked language modeling
objective [28], [29]. The model consists of 125 million
trainable parameters and features a hidden dimension
of d 768. This characteristic is particularly
advantageous for authorship attribution, where
discriminative stylistic signals may be distributed
throughout the text.

Within each encoder layer, the Multi-Head Self-
Attention (MHSA) mechanism functions across H= 12
heads, with each head projecting inputs into a subspace
of dimension dk = 768/12 = 64. For each head, queries,
keys, and values are derived as linear projections of the
input hidden states, upon which scaled dot-product
attention is applied, Equation 1:

QM(kMT
Jax
The outputs from all 12 heads are concatenated and

subsequently projected back to dimension d. This is
followed by processing through a residual connection,

Ah:softmax( ),headh = A"Vh (D)

layer normalization, and a position-wise feed-forward
network (FFN) with a hidden size of 3,072 and GELU
activation. After 12 such layers, the final hidden state
of the [CLS] token, denoted as z0 = h0"(12) € R"768,
functions as a compact global representation of the
entire input and is forwarded to the classification head.

2.2 Optimisation and Training

Model parameters are updated using AdamW [36],
which addresses a subtle yet significant error present in
the original Adam optimizer. The standard Adam
algorithm incorporates L. regularization by integrating
weight decay into the adaptive learning rate, resulting
in inconsistent effective decay across parameters with
varying gradient magnitudes. AdamW rectifies this
issue by applying weight decay directly to the
parameter values, independent of the gradient statistics.

Training is conducted using mini-batches of size B= 16
for E = 3 epochs per fold, evaluated through Stratified
5-Fold Cross-Validation (StratifiedKFold, seed = 42).
Stratification ensures that class proportions are
maintained in each fold, thereby providing both a point
estimate and a principled uncertainty estimate (+c) for
each reported metric.
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With a total of N = 6,069 samples and K =5 folds, each
training set comprises approximately 4,855 samples,
while each validation set consists of approximately
1,214 samples. Each fold is trained in approximately 8—
12 minutes of wall-clock time, resulting in a total
runtime per configuration of 50-60 minutes.

3. Results and Discussions

All experiments utilize the 6,069-sample corpus
comprising 3,069 Al-generated texts (label=1) and
3,000 human-authored texts (label =0). The corpus is
approximately balanced, with 50.6% Al and 49.4%
human texts, thus negating the need for class-weighting
in the BCE loss. Performance is assessed through
Stratified 5-Fold Cross-Validation (StratifiedKFold,
seed =42) without a held-out test set.

Training Loss Convergence — All Folds
0.5 -

0.4+

— Fold 1
—— Fold 2
—— Fold 3
—— Fold 4
—— Fold 5
Warmup

0.3+

0.2+

Training Loss (BCE)

0.14

300
Training Step

200

Training Accuracy
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Performance is evaluated using four complementary
metrics: Accuracy, which reflects the overall correct
predictions and is directly comparable with baseline
literature; weighted F1, which accounts for class
support and is suitable for slight class imbalance; AUC-
ROC, which measures discriminative power across all
decision thresholds; and Average Precision, which
represents the area under the Precision-Recall curve
and is particularly informative for the positive Al class.
All metrics are computed per fold and reported as mean
+ standard deviation.

Figure 3 illustrates the training loss and accuracy
trajectories across all 510 training steps (3 epochs X
~170 steps per fold) for each of the five cross-
validation folds. The loss decreases sharply during the
first epoch, from approximately 0.46 at step 0 to 0.15
by step 170, and continues to decline through epochs 2
and 3, reaching a final per-fold range of 0.008—0.022.

Training Accuracy Convergence — All Folds

100.0% -

95.0%

90.0% -

85.0% -
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—— Fold 2
—— Fold 3
—— Fold 4
—— Fold 5
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70.0% -

65.0% = T T
0 300 500
Training Step

Figure 3. Training convergence over 3 epochs x 5 folds

Training accuracy exceeds 99.5% within the first epoch
for all folds. The amber-shaded region denotes the
linear warmup phase (steps 0-51), during which no
instability is observed, confirming that the pre-trained
weights accommodate fine-tuning updates without

disruption. The close clustering of all five-fold curve
indicates low sensitivity to the specific training
partition, consistent with the low cross-fold standard
deviation of ¢ = 0.0004 in accuracy reported in Table
1.

Table 1. Per-fold and aggregate cross-validation results

Fold Accuracy Fl Precision Recall AUC-ROC
1 0.9992 0.9992 0.9992 0.9992 0.99999
2 0.9992 0.9992 0.9992 0.9992 0.99994
3 0.9992 0.9992 0.9992 0.9992 0.99999
4 0.9992 0.9992 0.9992 0.9992 0.99989
5 1.0000 1.0000 1.0000 1.0000 1.00000
Mean £+ ¢ 0.9993 + 0.0004  0.9993 £ 0.0004  0.9993 +£0.0004  0.9993 + 0.0004  1.0000 + 0.0000
The tight clustering of all five-fold curves indicates low  Figure 4 illustrates the Receiver Operating

sensitivity to the specific training partition, consistent
with the low cross-fold standard deviation of o
0.0004 in accuracy reported in Table 1. While
aggregate metrics efficiently summarise overall
performance, they do not reveal the per-class error
structure underlying each fold — specifically, whether
near-perfect accuracy reflects balanced true positive
and true negative rates or whether one class dominates
correct predictions at the expense of the other. Table 2
addresses this directly by presenting the per-fold
confusion matrices derived from the validation results.

Characteristic (ROC) curves for all five folds, along
with their mean + 1 standard deviation envelope. Each
fold achieves an Area Under the Curve (AUC)
exceeding 0.9999, with the curves converging at the
upper-left corner of the ROC space. This convergence
indicates that the classifier attains a nearly perfect true
positive rate while maintaining an almost zero false
positive rate, representing the optimal ROC profile for
a binary classifier
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Table 2. Per-fold confusion matrices for RoOBERTa-base classifier

Predicted Class
Fold Actual Class AL() Human (0) Row Total
Fold 1 Actual AI (1) 612 TP 1 FN 613
Acc: 99.92% Actual Human (0) O FP 601 TN 601
Fold 2 Actual AI (1) 612 TP 1 FN 613
Acc: 99.92% Actual Human (0) O FP 601 TN 601
Fold 3 Actual AI (1) 612 TP 1 FN 613
Acc: 99.92% Actual Human (0) O FP 601 TN 601
Fold 4 Actual AI (1) 612 TP 1 FN 613
Acc: 99.92% Actual Human (0) O FP 601 TN 601
Fold 5 Actual AI (1) 613 TP 0 FN 613
Acc: 100.00%  Actual Human (0) O FP 601 TN 601
0] inadequate for this task, particularly as large language
models (LLMs) generate increasingly fluent text.
0.8 101 TN
@ 0.9+
T 0.6
-9
4
2
E 0.8+
$ 041 e
£ S
8
—— Fold 1 (AUC = 1.0000) a 07
—— Fold 2 (AUC = 0.9999)
0.2 1 = Fold 3 (AUC = 1.0000)
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= Mean (AUC = 1.0000) 0.6 - |—— Fold 1 (AP = 0.9975)
+1SD —— Fold 2 (AP = 0.9976)
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False Positive Rate 0.5 === Mean (AP = 0.9977)

Figure 4. ROC curves for 5-fold cross-validation

Figure 5 depicts the corresponding Precision-Recall
curves, where precision remains at or above 99.9%
across the entire recall range until recall approaches
1.0, at which point it decreases to approximately
96%—still significantly above the random baseline of
50.6% (class prevalence). The mean Average Precision
is 0.9997, approaching the theoretical maximum for
this task. The application of TF-IDF combined with
Logistic Regression, achieving approximately 82%
accuracy, indicates that shallow lexical statistics are

0.988
0975 0972

0.95 4

0.890

o

0.80
0.780

0.720
0.705

BERT-base DetectGPT
Fine-tuned (Zero-shot)
[Guo et al., 7] [Mitchell et al., 10]

TF-IDF +
Logistic Reg.
[Literature]

15D
-~ Random (prevalence)

0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 5. Precision-Recall curves for 5-fold cross-validation

DetectGPT, with an accuracy of around 72%,
highlights the significant cost associated with the
complete elimination of labeled training data. The
refined BERT-base model, with an accuracy of
approximately 97.5%, demonstrates that contextual
transformers significantly outperform traditional
methods, while the additional pre-training of RoOBERTa
offers a substantial performance margin.

0999 0.999

0998 0998 1.000

0.990
7 Best

0.980 0.977
T performance

Accuracy
1 Weighted F1
[ AUC-ROC

Ours — RoBERTa-base
Full Model
[This work]

GPT-2 Ours — Length-
RoBERTa Detector Balanced Ablation
[Solaiman et al., 5] [This work]

Figure 6. Accuracy, Weighted F1, and AUC-ROC for four literature baselines versus RoOBERTa-base
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The Detector GPT-2 RoBERTa, achieving about 98%
accuracy, confirms the appropriateness of the
RoBERTa architecture for this task, although it is
approximately 1.9 percentage points lower in accuracy
and 0.01 lower in AUC-ROC compared to the current
model. The proposed classifier, as depicted in Figure 6,
appears to surpass all four baseline models across every
reported metric.

3.1 Ablation Study

In the length-balanced ablation, the truncation operator
T(x_1i, 60) is applied only to human-authored texts,
limiting them to their first 60 words for training and
evaluation. Al-generated texts remain unmodified. The
60-word limit matches the 95th percentile of Al text
lengths (mean = 44.4 words, ¢ = 18.9), so about 95%
of Al texts are already at or below this length.

The ablation substantially reduces class-level length
asymmetry by collapsing the human distribution—
originally up to 1,487 words—into the central range of
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the AI distribution. A small residual asymmetry
remains: about 5% of Al texts that naturally exceed 60
words were not truncated and are slightly longer than
the human ceiling. This is a known limitation of the
ablation design, but its practical impact is minimal
since it affects fewer than one in twenty Al samples.

A AAcc of 0.11 percentage points is negligible by any
practical standard, providing robust empirical evidence
that the model has internalized genuine semantic and
stylistic differences between Al-generated and human-
authored text, rather than relying solely on word count
for decision-making.

This finding constitutes a central contribution of the
paper, as it directly addresses the confounding
objection that high detection accuracy is attributable to
text length rather than authorship-related features.
Table 3 presents result for three ablation configurations
designed to isolate the impact of the most significant
methodological decisions.

Table 3. Ablation study results

Configuration Accuracy F1 (weighted) AUC-ROC A Acc
Full model (original dataset) 0.9993 £0.0004  0.9993 £ 0.0004  1.0000 + 0.0000 —
Ablation 1: Length-balanced (human < 60 words) 0.9982 +£0.0015  0.9982 +0.0015  0.9999 + 0.0001 —0.11%
Ablation 2: Single fold only (Fold 1, no CV) 0.9992 —0.9992 1.0000 —0.01%
Ablation 3: No linear warmup (cold LR start, estimated) ~0.995 (est.) ~0.995 (est.) ~0.999 (est.) —0.40%

Fold 1 achieves an accuracy of 0.9992 thereby
indicating that a single fold is practically sufficient for
point estimation. The primary advantage of the 5-fold
protocol lies in its ability to quantify uncertainty, as
evidenced by 6=0.0004. Consequently, the cross-
validation framework is maintained for this purpose.
Omitting the warmup phase during the fine-tuning of
pre-trained transformers generally results in early
gradient instability. This configuration was not re-
executed due to computational limitations as indicative
context and is clearly identified in Table 3.

While the length-balanced ablation provides the

strongest available evidence within this experimental

design that the model is not exploiting a word-count
Top-12 Tokens — Al-Generated Class

0.0145

Hawking

range 0.0052

radiation 0.0046

protein 0.0045

0.0043

Neural

5

0.0041
residue 0.0039
proteins 0.0038

0.0038

o

evolutionary - 0.0031

elements - 0.0030

architecture 0.0030

0.004 0.006 0.008 0.010 0.012 0.014

Mean Gradient x Input Saliency Score

0.000 0.002

shortcut, it does not eliminate all possible corpus-level
confounds, and the near-ceiling in-distribution
performance should not be interpreted as a guarantee of
out-of-distribution generalisation.

3.2 Token-Level Interpretability

Figure 7 presents the top 12 discriminative tokens for
each class aggregated across all 16 analyzed samples,
comprising 8 Al-generated and 8 human-authored
samples from Fold 1. The observed patterns reveal
qualitatively distinct authorship signatures, aligning
with documented differences in the writing behaviors
of large language models and humans.

Top-12 Tokens — Human-Authored Class

drug 0.0362

the 0.0232
Using 0.0215

However 0.0148

disease 0.0104

are 0.0104

Additionally 0.0059

techniques 0.0058

A 0.0049

differential - 0.0047

omorph 0.0045

of —- 0.0036

0.000 0.010 0.015 0.020 0.025 0.030 0.035

Mean Gradient x Input Saliency Score

0.005

Figure 7. Top-12 discriminative tokens per class by mean Gradient x Input Saliency

The Al category is predominantly characterized by
technical proper nouns and scientific domain-specific
terms, with "Hawking" (score 0.0145) being the most

prominent, followed by "radiation" (0.0046), "protein"
(0.0045), and "entropy" (0.0026). This pattern aligns
with documented behavior of large language models
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(LLMs) encyclopedic and inclined towards well-
defined technical vocabulary concentrated in formal
registers [6].

In contrast, the human category is distinguished by
discourse markers such as "However" (score 0.0148)
and contextually rich medical vocabulary, including
"drug" (0.0362) and "disease" (0.0104), indicative of
argumentative and rhetorically structured writing. The
prominence of "Using" (0.0215) as a high-saliency
human token 1is noteworthy, suggesting that
methodological phrasing conventions in human

mm Al-Generated tokens

Top Tokens — Al-Generated

-_———
—
regons I
—

B =—
tearning | o <c:c
plastics [ o0t

ntormation | -+
i =—

matter [N o1
——

reura! [ oo
quantur: | ©co:

0.0000 0.0005 0.0010 0.0015 0.0020 0.0025 0.0030 0.0035
Mean Importance Score
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academic writing systematically differ from LLM-
generated prose.

Figure 8 presents a comprehensive global comparison
of Gradient x Input Saliency (red bar) and Attention
Rollout (blue bar) scores across all 16 analyzed
samples. The convergence of both methods on the same
high-importance tokens—most notably "radiation" and
"Hawking" for Al, significantly enhances confidence
that the attributions represent authentic learned
representations rather than artifacts of either method in
isolation.

mm Human-Written tokens
Top Tokens — Human-Written

o I

e I

disease [N ¢ <o+
proteins [ o 0032
techniques [N - -

dim [ o0
dynamics _ 0.0030
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membrane [N 00070

0.0000 Q.0025 0.0050 0.0075 0.0100 0.0125 0.0150 0.0175 0.0200
Mean Importance Scare

Figure 8. Global token importance across all 16 analysed samples

When two methodologically independent attribution
mechanisms agree on the same token, the probability
that the observed significance is merely an attribution
artifact is significantly reduced. Therefore, the current
findings should be considered as an indication rather
than definitive proof of the model's learning process.
More comprehensive studies should use Integrated
Gradients or LIME, analyze intermediate layer
representations, and expand to larger and more diverse
sample sets. The current results describe the features
learned by the model but do not comprehensively
describe its decision-making process.

The experimental design of this study does not assess
resistance to adversarial paraphrasing or prompt-based
style transfer. This aligns with existing adversarial NLP
literature, which demonstrates that simple paraphrasing
can substantially diminish the accuracy of transformer-
based classification. Consequently, the near-perfect
results reported herein may not be sustainable in the
presence of active adversaries.

3.3 Comparison with Prior Research

The results of this study are situated within a broader
landscape of transformer-based Al-text detection
research to assess the significance and scope of the
reported gains. Chen et al. (2020) [26], using a
MixText-augmented BERT-base classifier on mixed-
domain binary authorship tasks, reported accuracy

exceeding 95%, which represents a margin of
approximately 4.9 percentage points below the 99.93%
mean accuracy achieved by the present model. Laios et
al. (2023) [27] demonstrated AUC-ROC values
exceeding 0.98 using a RoOBERTa-based classifier on a
domain-specific clinical corpus, confirming the
architectural suitability of RoBERTa for authorship
attribution — a finding replicated and extended here,
where a mean AUC-ROC of 1.0000 is achieved across
all five folds on a general-domain balanced corpus.

Uchendu et al. (2021) [30], through the
TURINGBENCH benchmark, demonstrated that
detectors trained on one LLM's output generalise
poorly to text from other generators, exposing a
reliance on source-specific surface features. The
present model is not immune to this concern; however,
the length-balanced ablation result (AAcc = —0.11 pp)
provides evidence that the model is learning semantic
and stylistic features rather than trivial surface signals,
which represents a stronger generalisation foundation
than source-specific perplexity cues. Liang et al. (2023)
[21] demonstrated systematic bias in existing Al text
detectors against non-native English writers, a
limitation that the present study acknowledges
explicitly and identifies as a priority for future
evaluation.

773



Yuhefizar et al

Regarding interpretability, the present dual-attribution
design — combining Gradient X Input Saliency [31]
and Attention Rollout [33] — advances beyond the
single-method attribution approaches reported in prior
classification studies, including those reviewed in Zhao
et al. (2024) [1]. The cross-method convergence of
token-level attributions on the same high-saliency
tokens (e.g., '"radiation" and "Hawking" for Al-
generated text; "However" and "drug" for human-
authored text) provides a reliability signal not reported
in comparable prior work.

Weber-Wulff et al. (2023) [22] evaluated multiple
commercial detection tools and identified consistent
fragility across real-world conditions; the present
model's near-ceiling performance under controlled
cross-validation, combined with its interpretable
attribution output, addresses both the accuracy and
transparency dimensions that their evaluation identified
as deficient in existing tools.

These comparisons demonstrate that the proposed
classifier achieves performance at or above the ceiling
reported by prior transformer-based detectors while
introducing two methodological contributions —
confound-controlled ablation and dual cross-validated
attribution — not present in the referenced prior work.

4. Conclusions

This study introduces a fine-tuned RoBERTa-base
classifier designed for binary Al-generated text
detection, evaluated using stratified 5-fold cross-
validation on a balanced dataset comprising 6,069
samples. The model demonstrated a mean accuracy of
99.93%, a weighted Fi score of 0.9993, and a mean
AUC-ROC of 1.0000, surpassing all four comparative
methods — TF-IDF + Logistic Regression, BERT-
base, DetectGPT, and the GPT-2 RoBERTa Detector—
across all reported metrics. A length-balanced ablation,
wherein human-authored texts were truncated to 60
words prior to training, resulted in only a 0.11
percentage point reduction in accuracy.

This provides empirical evidence that the model has
effectively learned genuine semantic and stylistic
distinctions, rather than merely exploiting the word-
count asymmetry between classes. Token-level
attribution through Gradient x Input Saliency and
Attention Rollout yielded consistent results: Al-
generated texts were predominantly identified by
technical, domain-specific vocabulary, whereas
human-authored texts elicited attribution on discourse
markers and contextually structured prose. The
concordance between these two methodologically
independent  attribution = mechanisms  enhances
confidence in the reliability of both explanations.

Because the dataset lacks topic labels and was not
topic-balanced, this study cannot separate topic effects
from stylistic signals. Isolating authorship style
requires a topic-matched evaluation where Al and
human texts cover the same subjects, so any remaining
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signal reflects style rather than topic. We highlight this
as the key direction for future work and caution that our
reported accuracy should not be viewed as a measure of
pure stylistic detection. Future research should address
these gaps by constructing multi-source corpora, testing
the robustness against adversarial attacks, and
performing calibrated uncertainty estimation.
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