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Abstract

The emergence of Large Language Models (LLMs) has transformed content production into a
statistical processing activity, but this transition has brought with it a phenomenon that re-
searchers and linguists identify as the “stylistic fingerprint” of the machine. While models like
GPT-4 and Llama 3 display near-flawless grammatical fluency, they frequently fail to replicate
the emotional density, rhythmic variability, and contextual depth inherent in human writing.
This report analyzes the fundamental divergences between synthetic and authorial text, explor-
ing metrics such as perplexity and burstiness, the distinction between semantic and episodic

memories, and the impact of flat syntactic chains on the perception of authenticity.
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1. The Phenomenon of Predictability and the Perplexity
Metric

At the heart of the distinction between human and Al writing lies the mathematical
logic of predictability. Artificial intelligence operates through probabilistic models that
seek the next most likely word (token) in a sequence based on vast training corpora
[1, 2]. This process results in texts with low perplezity, a technical term that quantifies

how “surprised” a language model is when processing a sequence of words [3, 4].

The perplexity PP(W) of a word sequence W can be expressed mathematically as the
N-th root of the inverse probability of the sequence:

z|~

PP(W) = P(wi,ws,...,wN)" (1)
For AI, the goal is to minimize this metric, which invariably leads to the selection of
safer, more frequent linguistic paths [4, 5]. In contrast, human writing is inherently more
“surprising”: human authors often use rare metaphors, regional idioms, and grammatical
structures that defy statistical expectations, resulting in high perplexity [6]. Measured
against GPT-2, human-authored text registers a perplexity of 12.38, while beam-search
decoding collapses to 1.48 — an order of magnitude flatter than the writing it imitates
[6]. When AT selects obvious words, the text becomes monotonous; when it tries to
be unpredictable without context, it becomes confusing [6]. Human balance, however,

resides in the ability to inject lexical novelty without sacrificing clarity [7].

2. Burstiness and the Heartbeat of Prose

While perplexity deals with word choice, burstiness refers to the rhythm and cadence
of sentences. In its original technical sense the term describes the clustering of lexi-
cal items within a document, modelled as a mixture of Poisson distributions [8, 9, 10];
in the stylistic sense adopted here it denotes the variance of sentence length across a
text. Human writing is characterized by a dynamic alternation between short, incisive
sentences and long, complex periods [11]. This variation creates a narrative flow that
maintains reader engagement. In contrast, Al-generated texts tend to exhibit low bursti-
ness: across 13,371 news articles, LLMs concentrated their output in the 10 to 30 token
band while human writers produced a markedly wider and more scattered distribution

of sentence lengths — an effect the authors term register leveling [11].

Detection research confirms that these statistical regularities are the operative signal.
Per-token likelihood and probability curvature are sufficient to separate machine from

human text without any supervised training [12, 13], and detectors consistently flag
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low-perplexity prose. However, the signal is fragile. In a controlled trial of six commer-
cial detectors, a prompt instructing the model to vary sentence length — the manual
introduction of burstiness — cut mean detector accuracy from 39.5% on unmodified
AT text to 15.9% [14]. Human manual editing produced a comparable collapse, from
74% to 42% [15], and paraphrasing drove DetectGPT from 70.3% to 4.6% at a fixed 1%
false-positive rate [16]. This suggests that rhythmic uniformity is one of the strongest

indicators of non-human authorship, and also one of the easiest to erase.

3. Excessive Parallelism and Flat Syntactic Chains

One of the most common issues in Al-generated text is the excessive use of grammatical
parallelism. Although parallelism is a legitimate rhetorical device for organizing ideas,
AT tends to use it as a structural crutch, repeating “verb 4+ object” patterns in lists or
descriptions. The effect is measurable: at a template length of six part-of-speech tags,
95% of model-generated film reviews contained a repeated syntactic template against
38% of human-written ones, and 90% of generated news summaries against 36% [17].
Roughly 76% of the templates found in model output can be traced to pre-training
data and survive fine-tuning [17]. Examples like “The system reduces costs, eliminates
intermediaries, and accelerates processes” illustrate this tendency toward mechanical

symmetry; GPT-40 produces phrasal coordination at 1.9 times the human rate [18].

Table 1: Comparison of key metrics between human and Al writing.

Metric Human Writing AT Writing Impact on Perception
(Standard)

Perplexity High (unexpected Low (probable Human text feels cre-
choices) choices) ative; Al feels obvious.

Burstiness High (variable Low (uniform Human text has “music”;
rhythm) rhythm) AT is monotonous.

Sentence Large (short vs. Small (10-30 token AT’s uniformity tires the

Variance long) band) reader quickly.

Structure Organic and Rigid and predictable Al follows school-like
adaptable intro—conclusion pat-

terns.

3.1. The Subordination Deficit and Tree-Like Syntax

High-quality human writing utilizes hypotaxis — the organization of sentences through
subordinate clauses that establish a hierarchy of importance and causal relationships [19,
20]. This style creates a “tree-like” structure where main ideas are supported by layers
of context [21]. AI, on the other hand, frequently generates flat or paratactic syntactic

chains, where ideas are presented side-by-side without clear subordination. Against
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native-speaker argumentative essays, ChatGPT produced 0.368 dependent clauses per
T-unit in the thesis stage against 1.161 for human writers, and 0.126 against 1.173 in

the conclusion, while its use of coordinate phrases ran three to five times higher [22].

Parataxis results in sentences like: “The sun rose. The day was hot. People went to
the beach.” Human hypotaxis allows: “Even though the sun had just risen, the heat was

already so intense that people, seeking relief, hurried toward the beach.”

AT’s lack of subordination removes tension and ambiguity, favouring an excessively
“safe” fluency that sounds artificial to experienced readers [23]. It should be noted that
the equation of subordination with quality is itself contested: finite dependent clauses
are more frequent in conversation than in academic prose, where complexity is carried
phrasally rather than clausally [24]. The relevant contrast is therefore not subordination

as such, but where each writer places structural weight.

3.2. Part-of-Speech Balance and Nominal Loading

Quantitative research using Biber features reveals that LLMs suffer from “nominal load-
ing” The effect is not one of raw noun counts — on news corpora, human writers
actually use slightly more noun tokens than LLMs (19.69% against 17.44-17.85%) [11].
It is a matter of how those nouns are packaged. Instruction-tuned models produce nom-
inalisations at 1.5 to 2 times the human rate, with GPT-4o reaching 2.1 times (paired
Cohen’s d = 1.23) and present participial clauses at 5.3 times (d = 1.38) [18]. In ar-
gumentative writing, ChatGPT’s complex nominals per clause run at roughly double
the native-speaker rate [22]. Independent replication confirms that generated text uses
more nominalisations and higher sentence complexity, while human writers retain more

modal and epistemic constructions — the markers that convey speaker attitude [25].

This information density in Al aims for efficiency but sacrifices the “humanity” of the
text, which often requires natural redundancy and variation in references to maintain

communicative flow [23, 26].

4. Semantic vs. Episodic Memory: The Lack of Lived Ex-

perience

The most profound difference between Al and humans lies not just in grammar, but
in the cognitive basis of information. Artificial intelligence excels at semantic memory:
the storage of concepts, theories, and general facts [27, 28]. It knows what an apple
is but cannot recall the episode of biting into a cold apple on an autumn afternoon.
Benchmarking confirms the deficit rather than assuming it: on tasks requiring the recall

of events bound to particular times and places, GPT-4, Claude, Llama 3.1 and ol-mini



Impagliazzo (2026) The Anatomy of Synthetic Writing

Table 2: Part-of-speech and stylistic frequency comparison between human and Al writ-
ing. Percentages are UPOS token frequencies from a 13,371-article news corpus [11];
rate multiples are paired human-model comparisons on the HAP-E corpus [18].

Feature Human Use AT Use Stylistic Consequence

Nominalisations Baseline 1.5-2.1x human Al text becomes abstract,

rate dense and agentless.

Nouns (tokens) 19.69% 17.44-17.85% Density ~ comes  from
packaging, not raw noun
count.

Adjectives 7.58% 6.69-6.86% Human modification is
more varied and contex-
tual.

Pronouns 5.32% 6.11-7.33% Al leans on pronouns
without anchoring refer-
ence.

Auxiliaries 3.81% 5.41-6.02% Al favours periphrastic,
hedged constructions.

Phrasal Baseline 1.9x human rate Parallel lists replace hier-

coordination archical argument.

all degrade sharply once multiple related events or complex spatio-temporal relations

are involved, even within contexts of 10k-100k tokens [32].

4.1. The Role of Episodic Memory in Authenticity

Human episodic memory is anchored in time, space, and autonoetic awareness of the self
as the one who lived the event [28]. When a human writes, they bring internal details
— the event, place, time, perceptual and emotion/thought fragments that belong to one
specific episode. Al, limited to its training data, resorts to external details: semantic
facts, off-event digressions and editorial commentary not tied to any central episode.
The distinction is not metaphorical; it is the scoring taxonomy of the Autobiographical
Interview, in which younger adults were biased toward details “reflecting happenings,
locations, perceptions, and thoughts” while older adults “favored semantic details not
connected to a particular time and place” [29]. The same construct dissociates in the
brain, with lateral parietal cortex tracking the quantity of internal detail in an imagined
event [30, 31].

Including personal, first-person material is one of the most effective methods of human-
ising a text. Across a corpus of matched human and ChatGPT stories, first-person
pronouns appeared at M = 2.81 in human writing against M = 0.21 in generated text,
and descriptions of relativity — motion, space and time — were consistently sparser
in the machine output [33]. Readers were measurably less transported into Al stories,

and mediation analysis attributed that gap to the missing personal pronouns [33]. The
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absence of these episodic markers results in a text that feels “detached” from reality,

floating in a vacuum of academic or corporate abstractions [18, 23].

5. Engagement Markers vs. Hedging

Another point of divergence is how the author handles the reader and their own certainty.
Al trained to be helpful and safe, tends toward excessive “hedging” in expository and
research-abstract genres, using words like “possibly,” “it could be argued,” and “per-
haps” to avoid categorical commitments [34, 35, 36]. The finding is genre-dependent
rather than universal: in student argumentative essays the same research group reports
the opposite pattern, with ChatGPT producing significantly lower frequencies of inter-

actional metadiscourse and a flatter, more impersonal tone [37].

The engagement side of the contrast is more robust. Human writers use more engage-
ment markers — direct mentions of the reader, rhetorical questions, and appeals to
shared knowledge [38]. Comparing 145 student essays against 145 ChatGPT essays, stu-
dent writing was significantly richer in both the quantity and the variety of engagement
features, with rhetorical questions and personal asides the most conspicuous absences

from the generated set [39].

Table 3: Rhetorical marker frequency in Al and human writing.

Rhetorical Marker Frequency in Frequency in Function in Text

Al Human
Hedging (expository High Moderate Demonstrate caution and
genres) academic rigour.
Reader mentions Low High Create connection and dia-
logue with the audience.
Rhetorical questions Low High Stimulate reflection and
break monotony.
Personal asides Nearly Common Humanise the author and
non-existent validate authority.

6. The Algorithm’s Lexicon: Keywords to Avoid

Artificial intelligence has a preferred vocabulary that acts as a “red flag” for detectors and
attentive readers. Terms like delve, intricate, comprehensive, and meticulous are used
with a statistical frequency disproportionate to casual or professional human writing.
Against a baseline of 15 million PubMed abstracts, delves appears in 2024 at 28.0 times
its expected frequency and showcasing at 10.7 times, with 454 excess words identified

in that year alone against none exceeding the threshold between 2013 and 2019 [40].
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In machine-assisted peer reviews, meticulous rose 34.7-fold and intricate 11.2-fold [41];
across 1.1 million papers, realm, intricate, showcasing and pivotal were the four most

disproportionately LLM-associated words [42].

6.1. The AI “Cliché Dictionary”

Lists of words to avoid have become working tools for humanising text, though they
require care. The claim that LLMs overuse formal connectives is only partly supported:
large-scale feature analysis finds conjuncts such as furthermore and consequently occur-
ring at 96-116% of the human rate, essentially no difference, while stance adverbs such
as notably and additionally do appear in the excess-vocabulary set [18, 40]. Two further
caveats matter. These terms were already rising before ChatGPT’s release, so LLMs
amplified an existing trend rather than creating it [43], and delve has been in measur-
able decline since early 2024 as writers learned to avoid it [44]. The lexicon is a moving
target, not a fixed signature. Its origin appears to lie in reinforcement learning from

human feedback rather than in the pre-training distribution [45].

Replacing these terms with human alternatives is a practical step:

o Instead of “leverage resources,” use “use what we have.”
o Instead of “revolutionise the field,” describe “changing how things work.”

o Instead of “in conclusion,” use “what this means for us is..”

Beyond individual words, the deficit is one of variety rather than of figuration. LLMs
overproduce a narrow band of ornamental vocabulary — camaraderie at 162 times the
human rate, tapestry at 155, amidst at 100 — which Reinhart and colleagues read as
a preference for “grandiose, if hollow, summative sentences” [18]. At the population
level, model output is homogeneous where human output is not: on divergent-thinking
tasks, between-response variability was 0.459 for LLMs against 0.699 for humans [46],
and generated stories recycle idiosyncratic plot elements across generations and across

different models while human plots are rarely echoed [47].

7. Narrative Structures Beyond the School Model

AT logic often follows the most obvious path: introduction, development, and conclusion.
This model, while functional, is predictable and lacks the structural creativity of an

experienced writer [18]. To make text more human, it is necessary to break this linearity.
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7.1. The In Medias Res Model and the Epiphany Bridge

Impactful human narratives often begin “in the middle of the action” (in medias res)
or at a point of maximum tension. The departure of discourse order from story order
— analepsis and prolepsis — is a structural resource rather than an ornament [48], and
corpus analysis of oral personal narrative identifies complicating action, evaluation and
resolution as the load-bearing sequence [49]. A narrative becomes tellable precisely when

a canonical expectation is breached [50].

The Epiphany Bridge framework, introduced in practitioner literature [51], suggests a
structure that prioritises the emotional journey before logical justification. This pro-
cess involves showing “The Wall” (the insurmountable obstacle) before revealing “The
Epiphany” (the solution). Although the framework itself has not been tested empirically,
the mechanism it exploits is well documented. Readers absorbed in a narrative detect
fewer false notes and generate fewer critical thoughts [52]; a meta-analysis of 132 effect
sizes across 76 studies puts the association between transportation and critical counter-
arguing at p = —.20, against p = .57 for affective response [53]. Sentiment analysis of
1,327 works of fiction finds that arcs containing a downturn before an upturn are among
the most widely read [54].

AT tends to skip the conflict and doubt phase to deliver the ready-made solution, which
removes the vulnerability necessary for human connection. Disclosure reliably increases
liking, both for the discloser (d = .281) and as a consequence of having disclosed (d =
.317) [55], and an admitted blunder raises the attractiveness of an otherwise competent
speaker [56] — an effect that is conditional on demonstrated competence rather than
universal. Integrating confessional failures and trial-and-error processes is therefore

fundamental to simulating authenticity.

Table 4: Storytelling phase comparison between AI and human focus.

Phase AI Focus Human Focus Effect

Introduction Dictionary definition Action scene or Immediate engagement
dialogue vs. boredom.

Conflict Technical description  Feelings of frustration Empathy and credibility.

Resolution Fact summary Lesson learned and Lasting impact and
change transformation.

8. Prompt Engineering for Humanising Text

To ensure that Al produces text that does not sound like a “machine,” the prompt
must go beyond a simple request for content. It must provide a complete rhetorical

context, defining the author, the audience, and crucially, the stylistic constraints [57, 58].
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The effect is measurable: even ordinary task-oriented constraints in an instruction shift
detector performance by up to 14.4 F1 points, and generally make the output harder to

classify than an unconstrained baseline [59].

8.1. The C.R.E.A.T.E. Methodology and Rhetorical Context

The C.R.E.A.T.E. (Character, Request, Examples, Additions, Type, Extras) approach
allows for granular shaping of Al output. By assigning a “character” that is not just a
“professional writer” but someone with flaws, opinions, and a specific tone, the model
is pushed out of its probabilistic comfort zone. Dialogue agents are usefully understood
as maintaining a superposition of simulacra that a prompt collapses toward one role
[60]. A caveat is warranted: across 162 personas and four model families, persona
assignment produced no aggregate improvement in factual accuracy, and automatic
persona selection performed no better than chance [61]. Personas shape register and

voice; they do not by themselves make a model more correct.

Additionally, it is necessary to instruct the Al to ignore its default training of “making
everything pretty” and visually perfect [18]. Asking for “rhythmic intentionality” and

“controlled chaos” can help break the monotony of low burstiness [14].

8.2. Proposed Structured Prompts for Human-Like Writing

Based on the research presented, we propose two highly structured prompt models
to feed the AI and obtain results that exceed detection metrics and create a better

impression on human readers.

Prompt 1: The Episodic Narrative Structurer

Persona: You are an essayist and storyteller with 20 years of experience, known for
your authentic, sometimes provocative voice that is always rich in sensory details.
You detest corporate clichés and the “intro-body-conclusion” school structure.

Task: Write a text about [TOPIC] following these strict humanisation guidelines:

1. Episodic Memory: Do not start with definitions or generalisations. Begin in
medias res with a specific scene. Use sensory details (smells, sounds, textures).
Instead of talking about “innovation,” narrate the exact moment an idea failed

and what was felt at that instant.

2. Hierarchical Syntax (Hypotaxis): Avoid parallel and flat sentences. Use
subordinate clauses to create depth. I want to see sentences beginning with
conjunctions like “Although,” “Despite,” “If.” Avoid the repetitive “Subject +
Verb + Predicate” pattern.
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3. Dynamic Burstiness: Radically vary sentence length. Use a very long, de-
scriptive sentence (over 30 words) followed immediately by a short, punchy one

(less than 5 words). Create “music” in the text.

4. Engagement vs. Hedging: Remove attenuators like “it can be said” or “it is
important to note.” Speak directly to the reader. Use a rhetorical question that

challenges common sense.

5. Forbidden Lexical Filter: It is strictly forbidden to use the following words:
delve, delineate, comprehensive, leverage, multifaceted, synergy, innovative, cat-
alyst. If used, the text has failed.

Prompt 2: The Verisimilitude and Rhythm Editor

System Configuration: Activate “Low Predictability Writing” mode. Your goal
is to maximise lexical perplexity and rhythmic variability.

Style Instructions:

1. Part-of-Speech Balance: Reduce nominal loading. Use more action verbs
and personal pronouns. Avoid turning processes into nouns (e.g., use “how

people decide” instead of “the decision-making process”).

2. Human Referential Maintenance: Do not constantly repeat the subject of
the sentence to maintain clarity. Use natural ellipses and pronominal variations,

as a human would in a coffee conversation.

3. Intentional Imperfection: Introduce a slight informality or a regional idiom.
If the text feels “too perfect” or visually decorated with bolding and symmetrical

lists, it has failed. Use paragraphs of unequal sizes.

4. Organic Subordination: Instead of listing benefits with bullet points, connect
them in a narrative paragraph where one point leads to the other through a

complex cause-and-effect relationship.

5. The Read-Aloud Test: The final text must be able to be read aloud without

the reader losing breath or feeling like they are reading an instruction manual.

9. Conclusion and Future Perspectives

The distinction between human and synthetic text is narrowing in terms of fluency, but
the “scars” of Al’s mathematical logic remain visible to those who know where to look.

Stylometric analysis of short fiction shows human authors forming broad, heterogeneous
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clusters while model outputs cluster tightly and separately by model, each carrying a
uniform fingerprint [62]. Understanding optimised syntax — where humans organise
words to minimise cognitive dependency distance [63, 64] — is the new frontier of hu-
manisation, and the result is counterintuitive: human news text is more optimised on
this measure than LLM output, so an efficiency property long treated as a cognitive
constraint now functions as a discriminating feature [11]. As models better integrate
episodic memory capabilities and mental state simulation, prompts will need to become

even more specific about the “world context” in which the text lives [32].

The key to success in the generative Al era is not to hide the use of the tool, but to
collaborate with it to inject the subjectivity, vulnerability, and rhythmic chaos that
define our species [65]. Humanised writing is not just a detection evasion technique —
a fragile goal in any case, given that detectors misclassify roughly a third of genuinely
human text [14] — it is a commitment to clarity, authenticity, and real connection with
the reader [66, 67, 68].

10
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