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We consider the problem of distinguishing human-written creative fiction (excerpts from novels) from similar
text generated by an LLM. Our results show that, while human observers perform poorly (near chance levels)
on this binary classification task, a variety of machine-learning models achieve accuracy in the range 0.93
- 0.98 over a previously unseen test set, even using only short samples and single-token (unigram) features.
We therefore employ an inherently interpretable (linear) classifier (with a test accuracy of 0.98), in order to
elucidate the underlying reasons for this high accuracy. In our analysis, we identify specific unigram features
indicative of LLM-generated text, one of the most important being that the LLM tends to use a larger variety
of synonyms, thereby skewing the probability distributions in a manner that is easy to detect for a machine
learning classifier, yet very difficult for a human observer. Four additional explanation categories were also
identified, namely, temporal drift, Americanisms, foreign language usage, and colloquialisms. As identifica-
tion of the Al-generated text depends on a constellation of such features, the classification appears robust, and
therefore not easy to circumvent by malicious actors intent on misrepresenting Al-generated text as human

work.

1 INTRODUCTION

Text generated via large language models (LLMs), in-
tegrated in chatbot applications such as ChatGPT or
Gemini, appears with increasing frequency in a vari-
ety of contexts; for example, in academic writing and
news articles, as well as in social media content.

The ease with which such text can be generated
has lead to concerns in areas such as academic plagia-
rism, spurious product reviews, and misleading polit-
ical or social commentary (fake news), as malicious
actors can now create misleading content with very
little effort. Such concerns have led to the develop-
ment of various Al-detection tools to distinguish text
written by humans from that generated by LLMs. De-
spite the threat to the livelihood of authors, less atten-
tion has been given to the issue of sham books, such as
genre novels generated by LLMs but presented as be-
ing works of human creativity. Reliable identification
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of machine-written texts in the domain of creative fic-
tion would be useful to editors and publishers to avoid
such misrepresentation.

Two earlier papers, (McGlinchey and Barclay,
2025) and (Verma et al., 2023), investigated the per-
formance of classification methods applied to the
problem of distinguishing human-written creative text
(such as novels) from LL.M-generated texts with sim-
ilar content. One of the main findings, which is fur-
ther strengthened by the results obtained in this paper,
is that while humans struggle to accurately classify
such texts, machine-learning (ML) models, even lin-
ear ones, do so with ease. These findings thus raise an
interesting research question, which is the main focus
of this paper, namely:

What aspects of the texts make it possible even for
simple ML text classifiers to obtain very high classifi-
cation accuracy?

A corollary to this question is whether knowing
the basis of such successful classification could per-
haps even assist bad actors in making more deceptive
Al-generated text.

The utility of reliably explaining the classification
results goes beyond gaining general insights about the
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differences between the two text categories: While
Al-detectors are becoming a growing area of interest,
there are, from our viewpoint, problems concerning
their reliability and trustworthiness. In particular, de-
tection tools that are based on black-box methods of-
fer either no reasoning for a given classification result,
or do so using methods that have often been found to
be unreliable or even contradictory. This lack of reli-
able explanations can weaken the trust in such sys-
tems. Therefore, in this paper, we focus primarily
on a linear classification method devised with inter-
pretability in mind (Wahde et al., 2024), in order to
investigate why ML models are so successful in dis-
tinguishing texts belonging to either of the two cate-
gories mentioned above.

The structure of the paper is as follows: In the
next section, we provide a general description of the
problem at hand, as well as some results from related
studies. We also emphasise the importance of inter-
pretability. Next, in Section 3, we describe how the
data were generated as well as the various ML clas-
sifiers used. Our results are presented in Section 4,
which is followed by a thorough analysis in Section 5.
Finally, we offer some conclusions in Section 6.

2 BACKGROUND

2.1 Text Generation

Advances in generative Al have enabled companies
to integrate LLMS in software programs used in many
contexts, thus leading to new possibilities for produc-
ing textual content, which can now be generated to a
given brief with little time and effort. It has become
more common to encounter Al-generated reports,
product descriptions, reviews, e-mails, speeches, and
a multitude of other common text genres.

The models that power modern text generation
tools are mainly based on the Transformer architec-
ture (Vaswani et al., 2017). These types of models
produce text via next-token prediction, where, start-
ing from a given text input (a prompt), the model pre-
dicts the most likely output to follow, one token! at
a time. When generating text, previous output tokens
are also added to the context used by the LLM for
selecting its next token. Such models are generally
trained on enormous amounts of text data, making
them able to mimic human writing so well as to pro-

ITokens can be words, parts of words, or even individ-
ual characters. In the study presented here, the texts are
tokenised on the level of individual words (and punctuation
symbols, see Section 3.2).

duce grammatically correct, coherent text that often
appears to be written by a real person.

Replacing human authors with generative AI may
seem to be an option for quickly creating content for
various platforms, but doing so has several problem-
atic aspects that should be considered. Some well-
studied problems are related to LLMs producing fac-
tually incorrect statements and offensive or biased
outputs (Dong et al., 2023). Furthermore, as LLMs
have been trained on text from existing published
works, recent lawsuits have brought to attention that
LLM-generated text may be in violation of copyright
laws, as they may produce plagiarised text (Milmo,
2025; Sag and Yu, 2025). The use of generative Al
also threatens the livelihood of human authors, and
arguably reduces the quality of the works that are pub-
lished.

In creative fiction, the focus of this paper, auto-
mated text generation can be both a useful tool for
writers, and also a threat to their livelihood. Tools to
assist writers can support the creative writing process
and help writers get past writer’s block (Yuan et al.,
2022; Qin et al., 2024). On the other hand, some stud-
ies (Niloy et al., 2024) have also shown that the use of
Al tools has adverse effects on creative writing. One
study specifically encourages writers to rewrite Al-
generated outputs, which can give a stronger sense of
ownership over the produced work (Zhou and Ster-
man, 2024). While most tools studied in the litera-
ture seem to encourage using Al as an assistant, it
is also possible to create novels completely written
by Al (Cabezas-Clavijo et al., 2024). In some cases,
such automatically generated books have been mis-
represented as works of human creativity.

Reliably detecting whether text was written by a
human or generated by an LLM can help to address
some of these problems. This task has proven dif-
ficult for human evaluators, but automated tools for
this purpose show promising results, as shown below.

2.2 Related Work

Studies on the detection of artificially generated text
have addressed domains such as academic plagiarism,
fake news, and spurious product reviews (Crothers
et al., 2023); however, little attention has been given
to creative writing, despite rising concern among
creative workers as demonstrated by recent authors’
protests (Creamer, 2025).

Two earlier studies addressed this domain. The
Ghostbuster study (Verma et al., 2023) used a so-
phisticated multi-stage model, and included a creative
writing data set along with other types of text. How-
ever, this data set was not based on published nov-
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els, but samples from a Reddit forum where users
write stories based on a writing prompt (story out-
line); the same writing prompts were then used to
generate the Al text, prompting as follows: Write a
story in {length} words to the prompt: {prompt}.
The Ghostbuster approach achieved a high accuracy
(F1 score of 98.4%) over the creative fiction data set,
but when it was applied to shorter samples of cre-
ative text, around 100 tokens in length, their F1 score
dropped to around 85%.

The only other study to address the area, Al Detec-
tive (McGlinchey and Barclay, 2025) took a simpler
approach, using classical ML classifiers from Sci-
kit Learn, and achieved comparable accuracy (F1 be-
tween 94.2% and 100%, depending on the trial) using
text from published novels. Notably, the Al Detective
classifiers performed well even over short samples of
around 100 words.

Both these studies demonstrated a remarkable
level of accuracy in the identification of Al-generated
creative fiction. In this paper, we extend this work by
focusing attention on explaining the high classifica-
tion performance for this identification task.

Another recent study (Reinhart et al., 2025) on
the broader topic of general text classification used
Biber’s linguistic features (Biber, 1991) to classify
text as Al-generated or human-written. The study
used different categories of text types, including fic-
tion, and also attempted to detect specific LLMs that
had written the texts. Inspired by this work, we use
the the same feature set in a part of our analysis be-
low. A different study (Mao et al., 2024) used a pro-
cedure where an LLM was first used to rewrite a text
excerpt, then the number of changes that occur dur-
ing rewriting was measured and used as a basis for
detecting Al-generated text. That study found that
LLMs change human-written text considerably more
than they change LLM-generated text, a notion that
also aligns with our analysis on LLM-rewritings pre-
sented in Section 5.

2.3 Interpretability

Deep neural networks (DNNs), a category that also
includes LLMs, are inherently black boxes, meaning
that the actual processing underlying their decision-
making is not transparent. From the viewpoint of
the user, such models take an input and then gener-
ate an output, but the manner in which they do so is
largely opaque, owing to the highly complex, non-
linear model architectures used in neural systems.
In many scenarios, understanding the reasons for a
model’s outputs is essential, and therefore studies on
explainable Al and interpretable Al are emerging.
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Here, we distinguish between, on the one hand,
explainable Al, which refers to methods and processes
aimed at trying to clarify the decision-making pro-
cess of a black box (such as a DNN) and, on the
other hand, interpretable Al that, in our definition, in-
volves inherently interpretable models, for example,
rule-based or even linear systems. While much ef-
fort has been devoted to attempts at explaining black
boxes, the explanations obtained (by methods such as
SHAP, LIME, and so on) are often case-specific (ap-
plied a posteriori), incomplete, unreliable, and some-
times contradictory (Krishna et al., 2022). Thus, like
some other authors (Rudin, 2019), we prefer to use
interpretable models for which the explanations are
exact rather than involving some form of linearisation
or other forms of simplification, especially in cases
like ours where (as shown in Section 4) interpretable
models already achieve near-perfect accuracy, thus re-
moving any need for the use of more complex models.

In the case of detecting Al-generated text, we ar-
gue that the underlying reasons for the classification
are crucial in order for such tools to be used reliably
as a support for decision-making. By contrast, trust-
ing blindly in a (potentially incorrect) decision made
by a black box detection system can, for example,
lead to unjustified accusations of Al being used for
writing. The detector’s results can be rendered more
useful with an interpretable method, which provides
the user with insights that can be helpful in making a
well-informed decision.

However, for the effective detection of automati-
cally generated creative fiction, we face a paradox of
interpretability — to have confidence in the results, we
need to be able to explain them; but if we can point
out just how sham text can be identified, we make it
easier for bad actors to create such text in the future.
The situation will be worse where one or two key fea-
tures aid the classification, but if a wide constellation
of features are used together, the interpretation will be
of less assistance to bad actors.

3 METHODOLOGY

3.1 Data Sets

Following the approach used in (McGlinchey and
Barclay, 2025), we have focused on classic detective
fiction, a genre which (1) is well-known, (2) uses ev-
eryday (and not too formal or dated) language, and
(3) has a substantial corpus of material available on-
line. We constructed a data set named DET12, which
is based on text samples from twelve published nov-
els.
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Table 1: A human-written excerpt (top) and a version (bottom) rewritten by an OpenAl model (GPT-4.1).

Text Preparation

Text Excerpt

Original Text

One was a terrible crockery-smasher, and Miss Whittaker gave her notice, so the other left with
her.” “Ah, well! one can have too much of seeing the Crown Derby rollin’ round the floor. Quite.
Then it had nothing to do with—it wasn’t on account of any little—" “It wasn’t because they
couldn’t get along with the nurse, if you mean that,” said Nurse Philliter, with a smile. “They
were very obliging girls, but not very bright.” “Quite. Well, now, is there any little odd, out-of-
the-way incident you can think of that might throw light on the thing. There was a visit from a
lawyer, I believe, that agitated your patient quite a lot.

Model GPT 4.1

One of them had a habit of breaking dishes, and Miss Whittaker resigned, so the second girl
decided to go too.” “Ah, yes! Too much Crown Derby crashing about can be overwhelming.
Indeed. So it wasn’t anything to do with—no sort of—" “It wasn’t a problem with the nurse, if
that’s your suggestion,” Nurse Philliter replied cheerfully. “The girls tried to be helpful, though
not especially clever.” “Indeed. So, is there any unusual, perhaps overlooked event you recall that
might shed some light on what happened? I heard a lawyer called, which greatly unsettled your

patient.”

Using copyright-free texts from Project Guten-
berg?, we selected six popular detective novels by
Agatha Christie® and six by Dorothy L. Sayers?, two
authors writing in the same genre around the same
time. Extraneous matter such as page numbers or
chapter headings were removed using a Python script,
then the source texts were chunked into short excerpts
of approximately 100 words, always cutting on a full-
stop® to avoid breaking up sentences. A range of 92
to 125 words was used for maximum length, where
a length within that range was randomly assigned per
section to increase the variability in length in order
to reduce potential bias. This process yielded 8,068
short samples of human-written text. We note that
while the texts are overwhelmingly in English, they
do contain quotations and short passages in several
other languages (mainly French); we did not see any
reason to remove these.

These samples were then sent to an LLM in a
random order via the OpenAl API, with a prompt to
rewrite them while preserving the meaning, style, and
approximate length, creating 8,068 Al-generated text
samples. The LLM version used for this task was
GPT-4.1 and the temperature was set to 0.7. The fol-
lowing prompt was used:

You will take the role of an author of crime novels. A

Zhttps://www.gutenberg.org/.

3“The Murder on the Links”, “Poirot Investigates”,
“The Man in the Brown Suit”, “The Mysterious Affair at
Styles”, “The Big Four” & “The Secret Adversary”.

4“Strong Poison”, “Unnatural Death”, “Clouds of Wit-
ness”, “Lord Peter Views the Body”, “The Unpleasantness
at the Bellona Club”, & “Whose Body? A Lord Peter Wim-
sey Novel”.

50ther symbols such as quotes or question marks had
been investigated; however, owing to the large amount of
direct speech in the novels, they could not be reliably used
as breakpoints. We found that prompting the LLM to count
spaces was for some reason more reliable than asking it to
count words.

text excerpt will be provided, you have to review it for the
number of space characters and key details. Create a new
text excerpt which contains the same key details but appears
structurally different to the original. The new text must have
approximately the same number of spaces as the original.
Only return the new text passage. Do not include place
holders, line breaks or any other text except the new pas-
sage. Text excerpt:”

An example of a human-written text and the corre-
sponding LLM-generated version is shown in Table 1.

While the mean length of the human-written
(Class 0) and LLM-generated (Class 1) texts was sim-
ilar, as shown in Table 2, the LLM had a preference
for generating shorter fragments overall. Correspond-
ingly, Class 1 had a slightly higher standard deviation,
reflecting the presence of some longer outliers which
pull up the average length to match the original sam-
ples. Note that the averages in Table 2 also include
punctuation symbols, dashes, quotation symbols, and
so on, thus explaining why the averages exceed the
maximum length (number of words) stipulated above.

The labelled original and rewritten text samples
were then split into training (70%), validation (15%)
and test (15%) sets which were used in the training
process for the ML classifier models as described be-
low.

Table 2: Length distribution (number of tokens) of text sam-
ples. Here, C specifices the class (0 for human-written, 1
for LLM-generated), N is the average number of tokens of
a text sample, whereas G is the corresponding standard de-
viation.

C Ntr Gy N val Oyal Nz‘st Gist
0 | 138.1 | 23.5 | 137.2 | 23.1 | 138.2 | 22.9
1 | 132.6 | 244 | 131.2 | 239 | 1324 | 23.7
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3.2 Text Classifiers and Features

Several standard ML classifiers often applied in text
classification tasks were used, employing holdout
validation for the training process; see also Sec-
tion 4.2 below. Specifically, the classifiers used
were (i) a linear, explicitly interpretable classifier de-
scribed in (Wahde et al., 2024), (ii) a multinomial
Naive Bayes classifier, (iii) a Support-vector machine
(SVM) classifier, (iv) a Logistic regression classifier,
and (v) a Random forest classifier.

In all cases, to obtain a fair comparison, each clas-
sifier used the same bag-of-words (unigram) feature
set, obtained from the training set, as described be-
low. Despite its simplicity, this feature set, which
contained a total of 30,302 features, turned out to be
sufficient; see also Section 4.2. For the linear classi-
fier, unlike the analysis in (Wahde et al., 2024), we
did not include the text length as a feature. Doing
so would have helped the ML classifier in an unfair
way, especially in comparison with human evaluators.
For the other classifiers, we used the implementation
in SciKit-Learn, with default settings for Multinomial
Naive Bayes, Logistic regression, and Random forest.
For the SVM we used a linear kernel with a penalty
term (C) equal to 1.

The feature set was extracted from the training
set after preprocessing and tokenising the data set.
We applied our own custom method for tokenising
the data instead of using the default tokeniser from
SciKit-Learn. The inclusive tokenisation method
maintains original word casings, and includes most
punctuation marks as individual tokens, with the ex-
ception of normalising single and double quotations
marks and dashes. This was done so that the punctu-
ation marks used within the two text categories were
consistent, thus eliminating the inclusion of any obvi-
ous indicators of LLM-generated text (see also Sec-
tion 3.3 below). The tokenised data sets are available
on Zenodo®.

3.3 Artefacts of the Generation Process

As shown in Table 3 below, the ML classifiers gener-
ally obtained a very high accuracy. Before proceed-
ing, we ensured that the text generation and prepara-
tion process did not introduce any artefacts that would
be an obvious clue for the classifiers. Systematic dif-
ferences in layout or punctuation might not be obvi-
ous to human evaluators but could bias the classifiers
— for example, using a longer type of dash in the out-
put text than was present in the input (say Unicode
U+2013 versus U+2014).

Shttps://zenodo.org/records/17880411
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In order to eliminate such possibilities, before
carrying out the final tokenisation described above,
we ran some preliminary experiments (i) using the
default Scikit-Learn tokeniser, (ii) using a custom-
written tokeniser (mentioned above), which standard-
ised the punctuation, and (iii) using a data set where
all punctuation and capitalisation had been removed
from the texts. In all cases, there was no discernible
difference in the classification accuracy. In the end,
we chose to use our custom-written tokeniser; see
Section 3.2. We also checked that the distribution of
individual letters a—z followed the usual pattern for
English text, and was consistent across both classes.
These checks gave us confidence that the classifica-
tion relied on word choice, on which we focus the
subsequent analysis.

4 RESULTS

In general, human evaluators are not very success-
ful in classifying text as human-written or LLM-
generated (Clark et al., 2021; Gao et al., 2023). Sim-
ilar findings were also made for the specific case of
creative fiction (McGlinchey and Barclay, 2025). On
the other hand, for the case considered here, ML clas-
sifiers solve this task with ease, as will be shown be-
low.

4.1 Classification by Human Evaluators

In (McGlinchey and Barclay, 2025), 19 human evalu-
ators assessed 10 text excerpts (either human-written
or LLM-generated), achieving 55% accuracy. Here,
we repeated their experiment, this time with five (dif-
ferent) text pairs, but with as many as 119 human eval-
vators. While only a few evaluators were native En-
glish speakers, all evaluators had a good command of
the English language. The evaluators were shown two
text excerpts (at the same time), one human-written
and one LLM-generated, from our test set. The ex-
cerpts were quite short, around 4-7 lines each. They
were then asked to determine which of the two ex-
cerpts was LLM-generated. For each pair, the par-
ticipants were given 90 seconds to make their assess-
ment, and they did not have Internet access during the
experiment. We thus collected a total of 5 x 119 =
595 answers. Of those, 297 were correct, thus result-
ing in an overall accuracy of 297/595 = 0.499, i.e.,
almost exactly a random outcome. In other words,
it is clear that human evaluators are generally not ca-
pable of distinguishing LLM-generated excerpts from
human-written ones.
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Table 3: Classification accuracies obtained by different ML
classifiers over the test set of the DET12 data set; see also
Section 4.2.

Classifier Implementation | Test acc.
Linear Ours 0.9814
Naive Bayes SciKit-Learn 0.9793
(Linear) SVM | SciKit-Learn 0.9694
Logistic regr. SciKit-Learn 0.9674
Random Forest | SciKit-Learn 0.9310

4.2 Classification Using ML Methods

We then proceeded to classify the text samples using
the various ML methods listed in Section 3.2. In all
cases, only unigram features were used, for the simple
reason that it turned out to be sufficient: Using more
complex features (such as, for instance, n-grams with
n > 1, TF-IDF features, or linguistic features such as
Biber’s feature set (Biber, 1991)) had only a very mi-
nor effect on classification accuracy, even though an
analysis of linguistic features (presented below) pro-
vided some interesting clues for interpreting our re-
sults. Moreover, focusing on unigram features makes
it possible to visualise the difference between the two
classes in a very clear manner, as illustrated below.

During training of the linear classifier and the
SVM classifier, holdout validation was used, such that
the performance over the training set was given as
feedback to the respective training algorithm, whereas
the validation performance was used to determine
when to stop training (selecting the classifier with the
best validation performance). For the Naive Bayes,
Random forest, and Logistic regression classifiers
there was no iterative tuning (hyperparameter tuning
was not applied). Here, the training algorithm is sim-
ply executed once, resulting in one trained classifier;
thus the validation set was effectively not needed in
those cases.

For each algorithm, after completing the training,
the selected classifier was evaluated over the test set.
The results of that evaluation are shown in Table 3. As
can be seen in the table, all ML classifiers obtained
a much higher accuracy than the accuracy obtained
by human evaluators in Section 4.1. Moreover, two
classifiers reached an accuracy of around 0.98, with
the linear classifier of (Wahde et al., 2024) obtaining
the best result. Therefore, in the later analysis (below)
that involves ML classifiers, we have employed that
classifier throughout.

Similar feature use

S class

. 0
adj attr 1 1

past tense

third person pronouns

second person pronouns

infinitives

Feature

neg synthetic
other nouns
present tense

agentless passives

first person pronouns

0 50 100 150 200
Frequency x 103

Figure 1: Analysis of linguistic features on our DET12
training data set, showing the 10 features that exhibited the
smallest difference between the two classes. The horizontal
axis measures the (relative) frequency, i.e., the number of
instances per million tokens.

S ANALYSIS AND DISCUSSION

The results presented above show a very large differ-
ence in performance between, on the one hand, hu-
man evaluators and, on the other, ML classifiers. In
this section, we set out to study the reasons behind
this discrepancy. First of all, the fact that human eval-
uators perform so poorly may be explained by the
apparent similarities between the two text categories:
First, in the word frequency lists from the two classes,
words such as the, and, of, to, ... appear at the top
of the list, as expected in any English language text.
Second, the LLM-rewritten texts use the same proper
nouns that appear in the original, human-written text.
Moreover, as also shown in the linguistic feature anal-
ysis below, the two classes do not have a major dis-
tinction in the usage rates of several features such as,
inter alia, pronouns or some verb tenses, as shown
in Figure 1. These similarities make the texts appear
coherent and sensible to a human observer, making it
hard to detect the underlying differences between the
two text classes.

Owing to this lack of any obvious distinguishing
characteristics, it is perhaps somewhat surprising to
see that various text classifiers reach very high accura-
cies over our test data set, as shown in Table 3. How-
ever, there are, in fact, several systematic differences
between the two classes, which may be imperceptible
to human evaluators but are used with great success
by the ML classifiers, as we will now demonstrate.
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Increased feature use

present participle __ class
==
- . |
present participle whiz | —
o
past participle )
past participle whiz —
B place adverbils B
3 I
i Al ——

though
gerunds

nominalizations

indefinite pronouns

o
N

4 6
Frequency x 103

o]
N
o

Decreased feature use

wh obj I- class
. 0
pied piping .- - 1

discourse particles
that obj

because

Feature

proverb do

stranded preposition
wh subj

that verb comp

neg analytic

Frequency x 103

Figure 2: Analysis of linguistic features on our DET12 training data set. The left panel shows the 10 features that had the
largest frequency increase in Class 1 (when compared to Class 0), while the right panel shows the 10 features with the largest
decrease in Class 1. The horizontal axis measures the (relative) frequency, i.e., the number of instances per million tokens.
The different feature categories are explained in https://browndw.github.io/pybiber/feature-categories.html.

5.1 Feature Analysis

In (Reinhart et al., 2025) a feature set of 67 linguis-
tic items (lexical and grammatical), defined in (Biber,
1991), was used to classify human-written and LLM-
generated text of various categories. The results of
that study show that a distinctive use of certain fea-
tures is associated with LLM-generated text. Thus,
we explored whether the data set used here displays
similar characteristics. For this task, the Python pack-
age pybiber was applied to extract the average fre-
quencies of the features in the two text classes. An
overview of some of the results is shown in Fig-
ures 1 and 2. The first figure displays the features
where the frequencies vary the least between the two
classes, thus underlining some similarities. In the
second figure, one can see the 10 features with the
largest increase (left panel) and the largest decrease
(right panel) in frequency in the LLM-generated texts
compared to the human-written samples. In particu-
lar, this figure shows that the use of present and past
participles is more prominent in the LLM-generated
text.

While these results provide a partial explanation
for the excellent performance of the ML classifiers, a
more complete analysis can be made by studying in
detail the top-performing classifier, namely the linear
classifier (top row in Table 3). Being explicitly fo-
cused on interpretability, this classifier is well suited
for that type of analysis.

The analysis aimed at explaining the differences
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between the two classes was carried out by manually
annotating the classifier features. As manual anno-
tation is an arduous task, only a subset of the most
frequent features was considered. Let f; ; denote the
relative frequency of a feature @; in class j (where
Jj is thus either 0 or 1), measured as the number of
instances (in this case, of unigrams) per million to-
kens. A subset of important features was generated
where each selected feature had both (1) a high rel-
ative frequency f™* = max(fio,f;,1) in one of the
classes, and (2) a high frequency ratio R;, defined as
fimax/ (fi,o + fil ), such that values close to 1 indicate
that the feature predominantly occurs in one of the
classes, whereas features that are more evenly used
between the two classes have R; close to 0.5.

The conditions f{"** > 100 and R; > 0.75 were
used to select features from the classifier’s feature set,
resulting in a subset of 190 features. This subset was
then annotated by hand, using the text sample pairs in
the data set to identify the context and to study dif-
ferences in the use of the studied features in the two
classes. Annotation codes for the identified features
are shown in Table 4. This analysis is not meant to be
comprehensive: A complete analysis would require
multiple annotators and a larger subset of the features
to inspect. Instead, this analysis is aimed at explaining
the differences between the LLM-generated text and
the human-written text from a general perspective.

The most frequent explanation type (E1) in the
feature subset, as seen from the instance count N
shown in the rightmost column of Table 4, was re-
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Table 4: Detailed description of the explanation codes used in the manual annotation process (see accompanying text). The
examples shown in the third column are of the form fokeni/token2, where tokenl indicates typical usage in a human-written
passage, whereas token2 represents the corresponding token likely used by the LLM. Note that, in some cases, the tokens
represent more than one word here, but the cases can still be distinguished by considering individual words, as was done in
the classifier used here. The final column shows the number of instances (V) of individual features among the 190 features that
are associated with the explanation; note that some features were identified as belonging in multiple explanation categories
depending on the context they appeared in; hence, the instance counts do not sum to the size of the feature subset.

Code Description Examples N

El Rephrased text Subcategories:
El.1: dialogue verbs, said/replied, cried/exclaimed, laughed/chuckled 17
E1.2: other verbs, thought/assumed, remembered/recalled, think/imagine 50
E1.3: prepositions, to/foward 5
E1.4: miscellaneous, Look herelListen, somebody/someone, But/Yet 28
E1.5: adverbs and adjectives, only/simply, beautifullexquisite 50
E1.6: grammar, I thought/l was convinced, I am going toll intend to 14
E1.7: nouns, door/entrance, bodylcorpse, prisoner/accused 33

E2 Temporal drift effects  Dated spelling: to-day/today, to-morrow/tomorrow 4

E3 English varieties Spelling variations (British or American): realise/realize 4
Word choices: I fancy/I think, just round theljust around the

E4 Foreign language Passages in French: mon ami/my friend 2

E5 Colloquial expressions  Short form words: ’em/them 1

lated to various forms of rephrasing by the LLM.
This explanation category was further split into multi-
ple subcategories: dialogue verbs (E1.1), other verbs
(E1.2), prepositions (E1.3), miscellaneous (E1.4), ad-
verbs and adjectives (E1.5), syntactic and grammati-
cal changes (E1.6), and nouns (E1.7). In some cases,
the variations in the LLM-rewritten texts, such as the
use of different prepositions or introducing adjectives
into a sentence, may naturally also change the gram-
matical structure of the text. In addition, some words
belong in multiple word classes. Thus, there may be
several different explanation categories for some fea-
tures.

Focusing first on the largest explanation category,
El (rewriting), we identified that the most common
case was related to verb usage (E1.1 and E1.2). For
example, we identified 17 different dialogue verbs
from the feature subset, used in text to describe con-
versations. The vast majority of these verbs (14 verbs)
were preferred by the LLM, as evidenced by their
positive feature weights. One common case of these
rewritings is the variation in the LLM-generated text
when rephrasing the verb said; the rewritings of this
verb include remarked, responded, mentioned, and
many more. Another example is the verb cried, of-
ten replaced by exclaimed, which perhaps has some
overlap with the temporal drift explanation (E2; see
below), although not annotated as such. Besides di-
alogue verbs, the rewriting alters many other verbs
used in the text excerpts as well. In most cases, the
same verb tenses that are used in the human-written
text are also used in the LLM-generated text. The
main difference between the two text categories, in re-

gards to verbs, is then the choice of verbs, that is, the
LLM-generated text contains lexemes that are used
less often in the human-written text.

The second-most common subcategory of rewrit-
ing concerned adverbs and adjectives (E1.5). Here,
words that can be considered in some sense to be
simple tend to be associated with Class 0 (human-
written): beautiful, bad, good, great. The text gen-
erated by the LLM alters these terms and, once again,
uses a larger variety of synonyms for these words.
The category consisting of nouns (E1.7) also includes
synonymous word replacements, as seen from the ex-
amples in Table 4. We also identified some cases of
nominalisation (see Figure 2), for example, the noun
investigation is also used to reformulate verb phrases:
I’m having the movements of the car investigated be-
comes the car’s route is under investigation when for-
mulated by the LLM.

The miscellaneous category (E1.4) contained fea-
tures that were mainly associated with conversation,
for example, some phrases (Look here!), discourse
markers (In fact or Actually), conjunctions (in partic-
ular, when used to start a sentence, such as But or Yet),
and indefinite pronouns (somebody, someone).

The remaining two subcategories, namely E1.3
(prepositions) and E1.6 (grammar), were identified
less often within the subset. This may be due to the
limited number of samples covered in our investiga-
tion; a larger study may reveal more explanations re-
garding these categories. For future investigation, ap-
plying automated tools can be considered; for exam-
ple, dependency parse trees could be generated and
used for identifying the exact syntactic differences be-
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It had occurred to me as probable that
after Miss  Cowley flung it on the floor
certain words might have been and  altered
with  the express intention
of |setting searchers on a false ftrail
Carter nodded . He took a sheet from  his pocket
and read aloud
Come at once Astley Priors Gatehouse
Kent . Great developments —  TOMMY . =
E1.5 E1.1
Very  simple , " 'said Sir James
E1.5
and very ingenious
Just a few words to alter , and the thing
was  done
And the one important clue they overlooked "
" What was that ? "
The page - boy ' s statement that  Miss
Cowley drove to Charing Cross
They were so sure of themselves that they took
for granted he had made a mistake

The idea  struck me as likely
after Miss Cowley hurled it to the ground
some of the message could have been changed
perhaps on purpose
E1.4 E1.2
to 'mislead anyone searching for the truth
Carter  agreed producing a paper from his coat
and read
Come at once Astley Priors Gatehouse
Kent . Great developments — TOMMY - B
- E1.1
" A clever and [straightforward plan " [remarked]  sir
James
" By adjusting just a - of words , they
E1.2 ‘
|managed| the deception
E1.4
w they [missed one vital piece of evidence

" Which was that ? "

" The page - boy ' s report that Miss
Cowley went to Charing Cross

it |Their  confidence made them |assume
he was mistaken "

Figure 3: Visualisation of the classification result using the interpretable classifier, where one can inspect the precise impact
of each unigram feature on the classification result. Yellow is used to highlight negative weights (Class 0, human-written) and
purple for positive weights (Class 1, LLM-generated). The text pair is a sample from the test set. Stronger colour saturations
indicate higher weight magnitudes of the features. Explanation codes are shown above features that were part of the manual

annotation procedure.

tween the text pairs.

Other explanations seem to be less prominent
within the feature subset, but nevertheless offer inter-
esting insights, and are likely to be more frequent in
the feature set as a whole. These categories include
effects of temporal drift (E2), i.e., changes in word us-
age over long periods of time, as well as differences in
English language varieties (E3). The human-written
text contains novels from the 1920s and 1930s, writ-
ten by British authors, meaning that features promi-
nent in that time period and language variety are nat-
urally more common in the human-written text class.
The LLM-rephrased text largely fails to reproduce
this style of text, even though the differences are sub-
tle and not easily detected by a human observer, as
demonstrated in Section 4. In many cases, the LLM
exhibits a preference for Americanisms, using words
and phrases that appear very infrequently (or not at
all) in the human-written text considered here.

Similarly, in the rewritings, any remnants of mul-
tilingual text (E4) and colloquialisms (ES) are mostly

1206

removed, perhaps deemed unnecessary or ungram-
matical by the LLM, even though the use of such fea-
tures often makes a novel more vivid and interesting
to read.

A single illustrative example of temporal drift,
where the frequency or meaning of a word changes
over time, is shown in Figure 4. Zero-suffix derivation
of verbs from nouns is a pattern common in English,
as described in (Barbu Mititelu et al., 2023). An ex-
ample is the use of the word exit as a denomial verb
rather than a noun. In Figure 4 we consider the past-
tense form exited and observe that it was little used
before around 1960. The token exited never occurs
in the source text samples (Class 0), but appears 61
times in the rewritten samples (Class 1) of the train-
ing set, showing that the text generated by the LLM
follows contemporary language patterns atypical for
the original text.

A visualisation from the classifier selected for the
analysis is shown in Figure 3. This figure shows
the contribution of each unigram feature and can be
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Google n-gram frequency of the word 'exited’
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Figure 4: Trend for the use of exited from 1910 to 2020;
data obtained from Google n—gram viewer; https://books.
google.com/ngrams/.

used to visually inspect why a sample was classified
with a given class label: Here, the (unigram) features
are highlighted in a shade of either yellow (denot-
ing Class 0) or purple (denoting Class 1). Stronger
colour saturations indicate larger feature weight mag-
nitudes. Explanation codes for those features that
were included in the manual annotation process are
shown above the corresponding features. Those fea-
tures generally have strong feature weights also (e.g.,
very, said, anyone, searching, and so on). In the
figure, one can see examples of the El (rewriting)
category: The dialogue verb said is replaced by re-
marked, and the adverb very is removed altogether in
the LLM-generated text. Some examples of grammat-
ical rewriting can also be identified; for example, the
final expression, originally he made a mistake, uses
a reformulation that introduces the passive phrase he
was mistaken.

Figure 5 is an attempt at showing the impact of the
most salient unigrams from the perspective of classi-
fication: First, the features were sorted in descend-
ing order based on their frequency of occurrence, here
measured as f; o+ fi1, where f; o and f; | again are the
relative frequencies (number of instances per million
words) of a feature in the two classes. Then, from that
list (containing all the 30,302 unigram features), the
first 100 features were removed one by one (i.e., their
weights were set to 0, exactly). After every removal
step, the classification accuracy (over the test set) was
computed again, using the remaining features, result-
ing in the blue curve in the figure. Next, the procedure
was repeated, again going through the same sorted list
of features, but this time only removing those features
whose weight values (in the best classifier, i.e., the top
row in Table 3) had a magnitude of at least 0.1. After
every removal, the classification accuracy was recom-
puted, exactly as above, producing the orange curve

—— Most frequent features
Frequent features where |w|>=0.1

0.96

e
©
=

Test accuracy

e
©
N

0.90

0.88

0 20 40 60 80 100
Number of removed features

Figure 5: Drop in test set accuracy when features are re-
moved from consideration. Top (blue) curve: Removal of
features in falling order of their frequency; Bottom (or-
ange) curve: Removal only of features with |w| > 0.1 (again
sorted in falling order of frequency). See the main text for
a more complete description.

in the figure. The choice of threshold (0.1) is some-
what arbitrary, but it does avoid many very common
tokens, such as the, a, he, she, and so on.

As expected, there is a drop in accuracy as these
frequent features are removed. What is interesting,
however, is the magnitude of the drop, especially
when comparing the two curves: By removing the
first 100 large-magnitude weights, one observes a
drop in accuracy from 0.98 to around 0.88. How-
ever, even the lower of those values is still much
better than the near-random performance of human
evaluators. The difference in the magnitude of the
drop (between the two curves) is non-trivial: Even
though the weights removed in the second case (or-
ange curve) have larger weight magnitude, they also
generally have fewer instances (since, in that case,
one has to move far beyond the first 100 features to
find a total of 100 features with weight magnitude of
at least 0.1). Among the large-magnitude weights re-
moved in the second case there are many for which
the weight magnitude has no identified explanation.
However, that set of removed features also includes a
few that were identified in our manual annotation pro-
cess described above, for example, the features said,
little, got, and good; see also Table 4.

5.2 Entropy Analysis

Another, more abstract, way to gain a high-level
overview of the variability introduced in the rewrit-
ten text is to compare the information-theoretic en-
tropy of the original human-written texts versus the
LLM-generated texts. Figure 6 shows H, the unigram
entropy over different sample lengths (number of to-
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Shannon unigram entropy

Entropy (bits)
o]

Class.

—1

0 250,000 500,000 750,000
Length (unigrams)

Figure 6: Shannon entropy over increasing sample size.

kens) for Class 0 and Class 1, defined by Shannon’s
equation presented in (Shannon, 1948):

H=—) p(t)log, p(ti), (1)

n
i=1

where f; is a unique token and p(#;) is the frequency
of that token in the sample.

We compiled all the samples from Class 0 and
Class 1 into two complete sets, then sampled the texts
from each class over increasing number of tokens,
taking the first 1000, 2000, and so on, computing the
entropy each time. We see the estimated entropy lev-
elling off at around a length of 200,000 unigrams,
showing that we have enough data to obtain a good
estimate for the entropy of each class. We note the
higher entropy in Class 1 overall, indicating greater
variety in word choice in the rewritten texts. The en-
tropy over the whole data set is 0.29 bits higher for
Class 1 (H = 9.164 versus H = 8.875 for Class 0).
While both values are in the usual range for English
text — approximately 7 to 11 bits, with a mean of 9.14
reported in (Bentz et al., 2017) — the higher entropy in
Class 1 indicates greater variation in the vocabulary
used compared to the original human-written texts,
corroborating our hypothesis that a greater range of
vocabulary is introduced by the rewriting process, as
shown in the feature analysis. As 2%-164 /28875 ~ 1,22,
we expect that the rewritten texts will show around
22% greater variation in their word-choice.

6 CONCLUSIONS AND FURTHER
WORK

We have confirmed and extended earlier work show-
ing that simple linear classifiers can reliably distin-
guish human-written text from LLM-generated text

1208

in the style of classic detective novels, whereas hu-
man observers generally cannot. Our detailed anal-
ysis, and the accompanying visualisation (see Fig-
ure 3), shows that the classification depends on a con-
stellation of features, principally greater variability in
word choice, influenced by temporal drift in the usage
of certain words, and a tendency by the LLM to avoid
colloquialisms and to introduce Americanisms in the
generated text.

One limitation of the study is that the method-
ology may have introduced greater variation in the
LLM-generated texts by requesting rewording; such
an approach may invite use of synonyms, for exam-
ple. Alternative approaches would include prompt-
ing the LLM to write a scene from a brief outline,
with no sample text provided; or to present one or
more samples of human-written text, and prompt for
a continuation. Some preliminary experiments sug-
gest that the generated text remains highly detectable
using these methods, despite removal of the explicit
rewriting process. However, further work is required
to confirm this result and to establish the effects of
different generation methods overall. Other lines of
future investigation include analysing text produced
by different LLMs, in various genres, and with differ-
ent prompts.

The interpretability of the results give confidence
that the classifiers are robust, while sidestepping our
paradox of interpretability: The interpretation pre-
sented here does not give malicious actors any sim-
ple recipe for generating more deceptive text. Indeed,
Figure 5 implies that it is difficult to make automat-
ically generated detective fiction harder to detect by
applying post-processing to obviate characteristic fea-
tures, whether by removal or by rewriting. As shown
in Fig. 5, if such post-processing could nullify the ef-
fect of the 80 features which most help the classifiers
— a daunting level of post-processing — the linear clas-
sifier would still have an accuracy of around 90%. It
should be possible therefore to make tools that inte-
grate with the workflow of editors or publishers to
give a reliable indication of LLM-generated text, mit-
igating attempts to misrepresent it as human work,
and thereby helping to protect the creative contribu-
tion and livelihood of creative authors.
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