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Abstract

Various detectors have been developed to detect
AI-generated essays using labeled datasets of
human-written and AI-generated essays, with
many reporting high detection accuracy. In
real-world settings, essays may be generated
by models different from those used to train
the detectors. This study examined the effects
of generation model on detector performance.
We focused on two generation models – GPT-
3.5 and GPT-4 – and used writing items from
a standardized English proficiency test. Eight
detectors were built and evaluated. Six were
trained on three training sets (human-written es-
says combined with either GPT-3.5-generated
essays, or GPT-4-generated essays, or both)
using two training approaches (feature-based
machine learning and fine-tuning RoBERTa),
and the remaining two were ensembled detec-
tors. Results showed that a) fine-tuned detec-
tors outperformed feature-based machine learn-
ing detectors on all studied metrics; b) detectors
trained with essays generated from only one
model were more likely to misclassify essays
generated by the other model as human-written
essays (false negatives), but did not misclassify
more human-written essays as AI-generated
(false positives); c) the ensembled fine-tuned
RoBERTa detector had fewer false positives,
but slightly more false negatives than detectors
trained with essays generated by both models.

1 Introduction

Generative artificial intelligence (AI) tools, such
as ChatGPT, Copilot, and Gemini, have become
increasingly capable at generating human-like text
and are now more accessible. In education, AI has
great potential at enhancing teaching, learning, and
assessments (U.S. Department of Education, Office
of Educational Technology, 2023). At the same
time, there are also concerns about the misuse of
AI in writing tasks (Lund et al., 2025). Writing
assignments are routinely given in both K-12 and

higher education. There are also many standard-
ized writing tests designed to measure test takers
writing proficiency, such as the ACT writing test,
the Graduate Record Examinations (GRE) writing
test, and the Writing assessment program (WrAP)
for grades 3-12 students. These tests require test
takers to write essays independently. If some test
takers use generative AI tools to write essays and
use these essays as their own, the validity and fair-
ness of the writing assessment are compromised.

To address concerns about AI-generated text,
many detectors have been developed to identify
such content. For example, Grammarly (Gram-
marly Inc., 2025), Scribbr (Scribbr, 2025), and
GPTZero (GPTZero, 2025) provide online tools
that allow users to enter text and then output an es-
timated percentage of the text being AI-generated,
although documentation on how they were trained
is generally unpublished. Several research studies
reported the training and evaluation of custom-built
AI-generated essay detectors. For example, Yan
et al. (2023) generated essays using GPT-3 for four
writing items from a large-scale assessment. Us-
ing these essays and real human test takers’ essays,
the authors trained two detectors: one using su-
pervised machine learning (ML) approach and the
other by fine-tuning the pre-trained language model
RoBERTa (Liu et al., 2019). The detection accu-
racy on a holdout test set was respectively 96% and
99.75% for these two detectors. Jiang et al. (2024)
studied the accuracy and potential bias in detecting
ChatGPT-generated essays. Using 10,000 essays
generated by ChatGPT and 10,000 essays written
by real test takers for 50 GRE writing items, the
authors trained detectors using supervised ML with
linguistic features extracted by e-rater (Attali and
Burstein, 2006) and GPT-2-based perplexity fea-
tures. Detection accuracy of the best performing
detector was nearly 100% on a holdout test set,
and showed no evidence of bias against non-native
English speakers.
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When AI-generated essay detectors are applied
in real-world settings, several factors may affect
their performances. For example, users may use a
different generation model than the models used to
generate the essays used for training the detectors.
They may also use a different sampling tempera-
ture, different prompts, instruct the AI tool to para-
phrase the generated essays to disguise its being
AI-generated, or revise the generated output essays
manually (themselves or other human).

Given the growing number of generative AI tools
and the rapid release of newer AI models, under-
standing how different generation models affect
the detection of AI-generated essay is an impor-
tant research question. The study by Zhong et al.
(2024) provides insights into this issue. The authors
generated 200 essays using each of 10 different
large language models (LLMs) and compared the
essays in terms of linguistic features, textual sim-
ilarities, and scores. They also trained a detector
for each LLM using a feature-based ML approach
relying on human-written essays and the 200 es-
says generated by that specific LLM. They found
that while the detection accuracies for identifiying
essays trained by the same LLM were higher than
.9, when the detectors were applied to essays gen-
erated by the different LLMs, detection accuracy
could be as low as .5. These findings showed the
challenge of generalizing AI detectors to different
generative models.

In this study, we investigate the effects of gen-
eration model on detecting AI-generated essays,
expanding prior research to detectors trained on
essays generated by more than one LLM as well
as using a fine-tuning LLM approach. Specifically,
we focus on two widely used generation models –
GPT-3.5 and GPT-4 – and use writing items from
a large-scale standardized English proficiency test
for detector training and evaluation.

2 Method

2.1 Writing Items

We used 20 writing items from a standardized En-
glish proficiency test. The majority of the test tak-
ers are young adults. Each item asks test takers
to write an essay expressing their opinion on a
given topic with supporting details, with at least
100 words written within a 10-minute time limit.
Essays were typed on a computer.

2.2 Data

Human-written essays We collected all test tak-
ers’ responses to these 20 items when each item
was administered for the first time and in test cen-
ters. The number of essays per item ranged from
192 to 6,438. For items with more than 300 essays,
we randomly sampled them down to 300. The re-
sulting total number of human-written essays used
in this study was 5,745.

AI-generated essays We used GPT-3.5 turbo
(version 0613) and GPT-4 (version 0613) to gener-
ate essays via the Azure OpenAI API. To generate
a diverse sample of essays and match the length
of human-written essays, we used 15 prompts per
item – covering 5 levels of content (i.e., varying the
amount of detail in the item stem or the direction of
opinion to be expressed in the essay) and 3 levels
for word count targets (100 words, 110 words, and
120 words). 20 essays were generated per prompt.
Sampling temperature was set to 1.2 to balance
text variance and text quality. Artificial typos were
added to an average of 3.5% of the words using
the python package typo (Kumar, 2022). 6,000 es-
says were generated using each generation model,
resulting from 20 items × 15 prompts × 20 essays.

Training and test sets The 5,745 human-written
essays were given a label of 0 (i.e., not AI-
generated), and the 6,000 GPT-3.5-generated and
6,000 GPT-4-generated essays were given a label
of 1. These essays and labels are referred to as the
total dataset. Among them, we randomly selected
1,000 human-written, 1,000 GPT-3.5-generated,
and 1,000 GPT-4-generated essays as the test sets
for evaluating detectors’ performances. From the
remaining 4,745 human-written, 5,000 GPT-3.5-
generated, and 5,000 GPT-4-generated essays, we
created three training sets to build AI-generated
essay detectors. All three training sets contain the
same 4,745 human-written essays and differ by the
AI-generated essays: respectively 5,000 GPT-3.5-
generated, 5,000 GPT-4-generated, and a combina-
tion of randomly selected 2,500 GPT-3.5-generated
and 2,500 GPT-4-generated essays. These training
sets are named as Human + GPT-3.5, Human +
GPT-4, and Human + GPT-3.5 + GPT-4.

2.3 Detector Training

We trained detectors for AI-generated-essay using
a combination of two training approaches crossing
the three training sets described in the previous
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section. The two training approaches are feature-
based machine learning (ML) approach and fine-
tuning RoBERTa. Two additional detectors were
ensembled from the detectors trained on Human +
GPT-3.5 and Human + GPT-4, respectively for the
ML and fine-tuning approach.

Feature-based ML approach Eleven features –
10 high-level linguistic features and the logarithm
of GPT-2-based perplexity of an essay - were used
in the ML approach. The 10 high-level linguistic
features were extracted using e-rater (Attali and
Burstein, 2006). These features represent grammat-
ical errors, usage errors, mechanics errors, organi-
zation, development, word length, word frequency,
collocation and preposition, sentence variety, and
discourse coherence aspects of the essays. Per-
plexity (i.e., exponential of the cross-entropy loss)
reflects how uncertain a language model is with
predicting the next token given previous tokens.
A higher value indicates the text sequence is less
likely to be generated by the language model. It has
been found to be contributing features for detecting
AI-generated essays in previous research (see e.g.,
Yan et al., 2023; Jiang et al., 2024). Because the es-
says were relatively short, we only used perplexity
for the entire essays. Although essays were gen-
erated by GPT-3.5 and GPT-4, those two models
were proprietary and perplexity were not available
via the API. Thus, we calculated the open-source
GPT-2 perplexity using the transformers library
(Wolf et al., 2020).

Four type of ML classifiers – random forest, gra-
dient boosting, support vector machine and multi-
layer perception - were employed. Five-fold cross
validation was used on the training set for hyper-
parameter tuning. The best classifier with hyper-
parameters that led to the highest cross-validation
accuracy were selected to train the final models on
the entire training set. Analyses were conducted
using the Scikit-learn package (Pedregosa et al.,
2011).

Fine-tuning approach We fine-tuned the base
version of the pretrained language model RoBERTa
(Liu et al., 2019) for classification. Batch size was
fixed at 16. Five-fold cross validation was used on
the training set for tuning hyperparameters, includ-
ing the learning rate (in the range of 5e− 4, 1e− 4,
5e − 5, 1e − 5, 5e − 6, 1e − 6) and the number
of epochs (from 2 to 5). Again, hyperparameters
that led to the highest cross-validation accuracy
were selected to train the final models on the entire

training set. All fine-tuning was conducted using
the transformers (Wolf et al., 2020) and PyTorch
libraries(Paszke et al., 2019).

Ensemble Using the combined Human + GPT-
3.5 + GPT-4 training set is one way to help detec-
tors learn that essays generated by either GPT-3.5
or GPT-4 are AI-generated. An alternative way is
to ensemble the detectors trained separately on Hu-
man + GPT-3.5 and Human + GPT-4 training sets.
We obtained two additional detectors – one for the
ML approach and another for the fine-tuning ap-
proach – by ensembling the predictions from the
respective GPT-3.5 and GPT-4 detectors. Note that
ensembling happened at inference time, without
additional model training. For each essays to be
classified, we averaged the predicted probabilities
from the GPT-3.5 and GPT-4 detectors. If the re-
sulting ensemble probability was higher than 0.5,
the essays was classified as AI-generated (label =
1).

2.4 Detector Evaluation

A total of eight detectors were applied to the test
sets for evaluation. We can organize these detectors
into four conditions, each comprising two detectors
trained using either a feature-based ML approach
or a fine-tuned RoBERTa model. In the first two
conditions, detectors were trained on AI-generated
essays produced by only one LLM, either GPT-3.5
or GPT-4. The third condition used the combined
Human + GPT-3.5 + GPT-4 training set. The fourth
condition involved the ensembled detectors.

We used the number of correctly and falsely clas-
sified essays in each of the 1,000 human-written,
GPT-3.5-generated, and GPT-4-generated essays as
evaluation metrics. Given the goal of detecting AI-
generated essays, the number of human-written es-
says that were misclassified as AI-generated essays
are false positives, and the number of AI-generated
essays misclassified as human-written essays are
false negatives. We used frequencies as evaluation
metrics instead of accuracy, precision and recall,
which are affected by the ratio between human-
written essays and AI-generated essays in the test
set. This is because in our test set, the composition
of human-written and AI-generated essays is 1:2,
which is unlikely in real settings.
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3 Results

3.1 Essay Similarities

We first examined pairwise text similarities among
essays for each item, because the extent of simi-
larities among human-written, GPT-3.5-generated,
and GPT-4 generated essays can affect detector
performances. Per item, within the same gener-
ation source (i.e., human-written, GPT-3.5, and
GPT-4), the number of pairs was nk(nk − 1)/2,
where nk is the number of essays in source k for
this item. Across sources, the number of pairs was
ninj/2, where ni and nj are the number of essays
for sources i and j. The number of pairs for GPT-
3.5-generated, and GPT-4-generated essays was
897,000; for human-written essays was 834,074,
for GPT-3.5-generated and GPT-4-generated es-
says for 1,800,000, for GPT-3.5/4-generated and
human-written essays was 1,723,500. For each pair
of essays, we calculated the cosine similarity of tri-
gram term frequency-inverse document frequency
(TF-IDF) vectors, and the edit similarity (Navarro,
2001). Both similarity measures are within 0 to
1, with a higher number indicating higher similar-
ities. Box plots of pairwise similarities of essays
for the same items within and between sources are
provided in Figure 1. Sources with higher median
similarities are located higher on the y-axis.

Essay similarity results revealed differences
between GPT-3.5- and GPT-4-generated essays.
Within the same source, essays generated by GPT-
3.5 were the most similar as each others, while
GPT-4 was able to generate essays with higher text
variability, but not as diverse as human-written es-
says. Across sources, essays generated by the two
LLMs were more similar to each other than with
human-written essays. Human-written essays were
more similar with GPT-3.5-generated essays than
with GPT-4-generated essays.

3.2 Detector Performances

Eight detectors were applied to the three test sets
consisting of respectively 1,000 human-written,
GPT-3.5-generated and GPT-4-generated essays.
The number of essays correctly and wrongly clas-
sified as human-written or AI-generated on the
test sets by each detector are reported in Table 1.
Among all the studied ML classifiers, SVM yielded
the highest cross-validation accuracy in the three
training sets. Thus, detectors obtained using SVM
were used to represent the ML approach. When
building detectors by fine-tuning RoBERTa, the

following hyperparameters led to the highest cross-
validation accuracy respectively for the three train-
ing sets, lr = 5e− 5 and epoch = 4, lr = 5e− 5
and epoch = 5, and lr = 1e− 5 and epoch = 4.

First focus on detectors trained with AI essays
generated by only one LLM (i.e., conditions 1 and
2 in Table 1). In the columns for human-written
essays, we see that fine-tuned RoBERTa misclas-
sified fewer number of human-written essays as
AI-generated essays than SVM. While SVM mis-
classified 22 and 32 human-written essays as AI-
generated essays, detectors based on fine-tuned
RoBERTa misclassified fewer than 5 essays. For
AI-generated essays that were generated by the
same LLM as used in the training set (i.e., column
GPT-3.5-generated for condition 1, and column
GPT-4-generated for condition 2), detectors based
on fine-tuned RoBERTa correctly classified all AI
generated essays, while SVM missed 24 and 15 AI-
generated essays. However, when detectors trained
with AI-generated essays by one LLM were ap-
plied to essays generated by the other LLM (i.e.,
column GPT-4-generated for condition 1, and col-
umn GPT-3.5-generated for condition 2), the num-
ber of false negative cases increased. Fine-tuned
RoBERTa trained with GPT-3-generated essays
failed to identify 84 GPT-4-generated essays and
fine-tuned RoBERTa trained with GPT-4 generated
essays GPT-4 missed 192 GPT-3.5-generated es-
says. Performances of SVM detectors were worse.
They failed to identify respectively 522 and 370
essays generated by the other LLM.

When both GPT-3.5- and GPT-4-generated es-
says were included in the training set (i.e., condi-
tion 3 in Table 1), the resulting detectors had lower
number of false negatives cases for the combina-
tion of 1,000 GPT-3-generated and 1,000 GPT-4-
generated essays. Fine-tuned RoBERTa identified
all GPT-3.5 generated essays and only missed one
GPT-4 generated essay, while SVM missed 29 GPT-
3.5-generated and 26 GPT-4 generated. In terms
of false positives, fine-tuned RoBERTa misclassi-
fied 9 out of the 1000 human-written essays (0.9%)
as AI-generated essays, while SVM misclassified
41 (4%). These number of false positives were
slightly higher than those for detectors trained with
AI essays generated using only one model (i.e.,
conditions 1 and 2).

When GPT-3.5 detector and GPT-4 detector were
ensembled (condition 4 in Table 1), the ensembled
fine-tuned RoBERTa detector only misclassified 1
human-written essays as AI-generated essays and
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Figure 1: Box plots of the square root of cosine similarity and edit similarity among essays for the same items
within and between sources.

Table 1: Number of Correctly and Falsely Labeled Essays in Test Sets by Different Detectors

Training condition Approach Human-written GPT-3.5-generated GPT-4-generated
(n=1000) (n=1000) (n=1000)

Correct Wrong Correct Wrong Correct Wrong
1. Human + GPT-3.5 SVM 978 22 976 24 478 522

RoBERTa 996 4 1000 0 916 84
2. Human + GPT-4 SVM 968 32 630 370 985 15

RoBERTa 997 3 808 192 1000 0
3. Human + GPT-3.5 + GPT-4 SVM 959 41 971 29 974 26

RoBERTa 991 9 1000 0 999 1
4. Ensemble SVM 986 14 894 106 928 72

RoBERTa 999 1 993 7 993 7
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failed to identify 7 GPT-3.5-generated and also 7
GPT-4 generated essays. Ensembled SVM mis-
classfied 14 human-written essays as AI-generated
essays, but missed 106 GPT-3.5-generated and 72
GPT-4 generated. Comparing the conditions 3 and
4, in which detectors were given the information
that both GPT-3.5- and GPT-4-generated essays are
AI-generated, the ensembled detectors had lower
number of false positives and higher number false
negatives.

4 Discussion

In this study, we investigated the effects of gen-
eration model on performances of detectors for
AI-generated essays. We studied two generation
models (GPT-3.5 and GPT-4), two training ap-
proaches (feature-based ML and fine-tuning), and
two ways of providing information from both gen-
eration models (including essays generated by both
LLMs in the training set and ensembling detectors
trained with only one LLM for essay generation).
We found that a) fine-tuned detectors outperformed
feature-based ML detectors on all studied metrics;
b) compared to detectors trained with essays gener-
ated from both models, those trained with essays
generated from only one model did not misclas-
sify more human-written essays as AI-generated
(false positives), but did misclassify more essays
generated by the other model as human-written es-
says (false negatives); c) the ensembled fine-tuned
RoBERTa detector had fewer false positives, but
slightly more false negatives comparing to detec-
tors trained with essays generated by both GPT-3.5
and GPT-4.

Fine-tuning pre-trained large language models
has been found to be effective for many classifi-
cation tasks, including natural language inference
(Devlin et al., 2019), automated essay scoring (Fer-
nandez et al., 2023), and AI-generated essay de-
tection (Kaggle Community, 2025). Our findings
are inline with these previous findings, suggesting
superior performances of the fine-tuning approach
comparing to the feature-based ML approach for
AI-generated essay detection. However, the com-
plexity of LLMs makes it difficult to explain the
predicted results from fine-tuned LLMs. This posts
challenges of using fine-tuned detectors in high-
stakes situations, where false accusations against
individuals can have serious consequences. Re-
search to identify tokens or phrases that affecting
the fine-tuned detectors’ decisions, or the effects

of adversarial inputs can be important future direc-
tions.

To detect essays generated by a wide range of
AI models, the natural choice is to train a detec-
tor using essays generated by a diverse number of
AI models. However, it can be resource-intensive
to re-train the detector each time a new AI model
is released. If the number of human-written es-
says don’t increase, creating a balanced training set
may mean not include all the AI-generated essays
from previous AI models for training. This is the
scenario we studied. Even though we generated
5,000 GPT-3.5-generated essays in conditions 1,
and 5,000 GPT-4-generated essays in condition 2,
we only used 2,500 from each generation model
in condition 3. We found ensembling fine-tuned
RoBERTa can be an effective alternative. It al-
lows the use of the same number of AI-generated
essays for each generation model as the number
of human-written essays. Once detector is built
for each generation model, one can flexibly adjust
the contribution from each detector at inference, if
there is evidence on the likelihood of essays from
each generation model. Ensemble also allows easy
adjustment of threshold. For example, if reducing
false positives is more important, one may adjust
the threshold to higher than .5.

5 Limitations

In this study, we generated essays using two
AI models, built detectors with balanced sets of
human-written and AI-generated essays, and stud-
ied detector performance in terms of detection ac-
curacy. Results need to be generalized with caution
beyond these conditions. As noted in the introduc-
tion, in the real-world, AI can be used in creating
essays in many different ways. Other models that
are more distant from the models in the OpenAI
family, such as LLaMA or DeepSeek-R1, may pro-
duce more different essays, thus affect the detection
performance. Essays may also be created by both
humans and AI, with only a portion of the text gen-
erated by AI or humans revise AI-drafted essays.
Moreover, fairness in detection across demographic
groups is also an importance metric for evaluating
detector performance. For future work, we plan to
expand the study by including a broader range of
generation models and also varying the proportion
of AI generated text within essays.
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