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Abstract: The emergence of artificial intelligence (Al) has raised important questions about how
Al-generated texts differ from human writing at the discourse level. While previous research has
primarily focused on lexical and syntactic features, little attention has been paid to topical progression as
a discourse marker of organization. Following the framework of systemic functional linguistics
(Halliday, 2009), this study investigated whether native, non-native, and Al-generated English business
emails differ systematically in their topical progression patterns and whether these topical progressions
can predict text origin. Four topical progression patterns (i.e., Parallel, Sequential, Extended Parallel,
and Extended Sequential) were analyzed using Poisson generalized linear models controlling for text
length, followed by multinomial logistic regression for text classification. The results revealed selective
rather than uniform differences across the three text types. Native texts demonstrated significantly
greater use of Extended Parallel topical progression, whereas Al-generated texts exhibited higher
frequencies of Extended Sequential progression. Non-native texts differed from native texts primarily
through a lower frequency of Parallel topical progression, while Sequential progression showed no
significant differences across the groups. The multinomial model achieved an overall classification
accuracy of 85.6%, indicating that topical progression frequencies provided strong discriminatory
power. Thus, it could be an interpretable linguistic framework for distinguishing Al-generated, native,
and non-native writing.
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Introduction

In today’s international business and professional contexts, digital communication has
become the dominant mode of interaction; business emails serve as one of the most widely
used channels of immediate and asynchronous communication (Liu & Liu, 2023). Efficient
business emails play an important role in clearly conveying information, facilitating decision-
making, and promoting intercultural collaboration (Sujinpram & Wannaruk, 2026).

At the same time, the writing landscape has been transformed by the rapid adoption of
generative Al tools, which can produce fluent drafts at speed (Elkhatat, 2023; Haleem, 2023).
This shift has intensified concerns about how writing produced by different sources can be
distinguished: when an email sounds polished, is it written by a native speaker, a non-native
professional using English as an additional language, or an Al system? In response, many
institutions have turned toward Al text detectors, but evidence suggests that these tools are
not equally reliable for all writers (Gao et al., 2023). In particular, GPT detectors have been
shown to frequently misclassify non-native English writing as Al-generated, raising serious
fairness concerns and calling into question the wisdom of relying on detector scores in
evaluative contexts (Liang et al., 2023). Hence, there is a need to identify characteristics that
may differentiate native, non-native, and Al-generated writing without relying exclusively on
automated detector scores.

Previous research has mainly approached this problem through lexical, stylistic, and
syntactic characteristics. Studies comparing Al-generated and human writing, for example,
have examined vocabulary use, sentence structure, syntactic complexity, and other surface-
level stylistic characteristics (Herbold et al., 2023; Liao et al., 2023; Reviriego et al., 2024).
Although these approaches have demonstrated that writing sources can exhibit different
linguistic profiles, they focus primarily on individual linguistic forms or sentence-level
structure and provide less information about how ideas and topics are organized across
sentences (Tsai, 2025; Wang, 2024). This distinction is particularly relevant to business
emails, where effective communication depends not only on appropriate vocabulary and
grammatical form but also on the coherent development of information throughout the
message.

Topical Structure Analysis (TSA) offers a complementary discourse-level perspective
by examining how sentence topics develop across a text (He et al., 2009; Lautamatti, 1987,
Saeed et al., 2022; Quinto, 2015). Rather than measuring which words writers use or how
individual sentences are syntactically constructed, TSA captures patterns of topical continuity

and change, thereby providing an observable measure of how information is organized across
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sentences. It specifically examines whether writers tend to maintain a topic, move from one
topic to another through newly introduced information, or return to a previously established
topic. Because these patterns reflect the distribution and development of topical information
across a text, they provide a potential means of investigating differences in discourse
organization that may not be captured by vocabulary or sentence-level syntax alone (Saeed
etal., 2022).

Despite increasing research on differences between Al-generated and human writing,
discourse-level organization remains comparatively underexplored, particularly in business
email contexts. Existing comparative studies have provided evidence from lexical and
syntactic features (Herbold et al., 2023; Liao et al., 2023; Reviriego et al., 2024), while
research on discourse and coherence has emphasized the importance of information
organization in written communication (Incelli, 2013; Tsai, 2025; Wang, 2024). However,
what remains unclear is whether topical progression (i.e., the observable development of
sentence topics across a text) varies systematically among native-speaker, non-native-
speaker, and Al-generated business emails. More specifically, it is not yet sufficiently
established whether the frequencies of different topical progression patterns differ among
these three writing-source groups or whether those patterns provide sufficient information to
predict group membership.

Addressing this gap is theoretically and practically significant. Theoretically, examining
topical progression across the three groups can extend research on writing-source variation
from lexical and sentence-level characteristics to the organization of discourse, thereby
providing evidence about how coherence and information flow are realized in different types
of writing. Methodologically, it can establish whether TSA provides discriminating
information beyond approaches that focus primarily on lexical or syntactic features.
Practically, identifying discourse-level differences may contribute to a more nuanced
understanding of automated and human judgments of writing source, particularly given
concerns that conventional Al-detection systems may incorrectly classify non-native English
writing as Al-generated (Liang et al., 2023). Therefore, the present study examines the topical
structure of business emails written by native speakers, non-native speakers, and Al and tests
both whether the groups presented in this study’s corpus differ in their use of topical
progression patterns and whether these patterns can predict group membership. The

following two research questions are raised:
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1. Are there statistically significant differences among native, non-native, and Al-

generated business emails in terms of the frequencies of the four topical progression
patterns after controlling for text length?
2. Can topical progression patterns predict whether a business email is written by a

native speaker, a non-native speaker, or AI?

Theoretical Framework

Systemic Functional Linguistics (Halliday, 2009) and Topical Structure Analysis (Lautamatti,
1987) are the theoretical frameworks of the present study. Halliday pointed to the
metafunctions of language, among which the textual metafunction is responsible for making
the text coherent. In this system, Halliday (2009) distinguished theme (i.e., the point of
departure of the message) from rheme (i.e., the remainder of the information developed from
the theme). In declarative clauses, the theme typically occupies the initial position,
establishing the perspective from which subsequent information is interpreted. This
distinction provides a framework for describing how information is organized within clauses
and how the point of departure of a message relates to the information that follows.

Lautamatti (1987) introduced Topical Structure Analysis (TSA), one of the earliest
systematic methods for examining topic development across entire texts. Rather than
focusing solely on clause-initial themes, TSA tracks the progression of sentence topics
throughout text to show how writers maintain, extend, or shift topical focus. Lautamatti (ibid)
argued that coherence depends on the logical continuity of topical development; it could be
investigated through observable patterns of topic progression rather than subjective
judgments of textual quality. Her work represented an important methodological
advancement because it operationalized discourse coherence into identifiable analytical
categories that could be applied consistently in different texts (Saeed et al., 2022).

The original TSA framework distinguishes three patterns of topical development.
Parallel progression occurs when consecutive clauses maintain the same topic, reinforcing
continuity and emphasizing the presented topic. Sequential progression arises when
information introduced in the rheme of one clause becomes the topic of the following clause.
Extended Parallel progression refers to the reintroduction of an earlier topic after one or more
intervening clauses. Simpson (2000) added Extended Sequential progression, in which the
information introduced in the previous rheme becomes the basis for the subsequent topic. The

examples of the types of topical progression are presented below.
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(1) We have now received the remaining payment for the Robofil 310 machine. We
will be packing it into the boxes this week. (Parallel progression, Email 28 written by a
native speaker)

(2) The Texas desk needs to create a new product that is similar to the Exxon Katy
Phys product. The product will be identical to the Exxon Katy product except for the
location. (Sequential progression, Email 9 written by a native speaker)

(3) We will transfer the payment for you subsequently. Please start the process of
manufacturing the machines. We also inform you that we have paid you Euro
50,000.00 on November 20 for our previous order. (Extended Parallel progression,
Email 19 written by a non-native speaker)

(4) We are pleased to inform you that we have prepared an information package about
our new trading solution. Please let us know if you would like to arrange a meeting to
discuss your business needs. The information package includes product
specifications, competitive pricing, and implementation guidelines. (Extended

Sequential progression, Email 9 generated by Al)

Literature Review

Business Emails as a Professional Genre

The expansion of international commerce has established business email as a key genre of
English as a Business Lingua Franca (EBLF), through which interlocutors from diverse
linguistic and cultural backgrounds communicate. Compared with traditional business letters,
EBLF emails tend to be more personalized, conversational, and similar to spoken interaction
(Roshid et al., 2018). However, this apparent informality does not mean that business emails
lack systematic organization. Rather, writers must balance transactional purposes, interpersonal
relationships, and culturally situated expectations within a concise written format.

In ESP research, genre analysis has become the dominant framework for investigating
this organization. Building on Swales’ (1990) concept of genre as a class of communicative
events sharing common communicative purposes, researchers have primarily examined
business emails in terms of rhetorical moves and steps. These studies indicate that business
emails exhibit relatively stable communicative functions but considerable variation in how
those functions are realized. For example, Mehrpour and Mehrzad (2013) found that Iranian
and native English-speaking writers used the same four broad moves (i.e., establishing the
negotiation chain, providing information, requesting action, and ending the message) but

differed in their realization. Iranian writers drew explicit attention to messages, apologized,
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and relied on collective pronouns more frequently, whereas native English-speaking writers

adopted a more individualized style. Thus, shared move structures do not necessarily imply
shared discourse practices; writers may fulfill the same communicative purposes through
culturally different interpersonal and organizational choices.

This interaction between transactional and interpersonal purposes is also evident across
different business-email subgenres. Van Herck et al. (2022) identified six moves in responses
to customer complaints: opening, acknowledging the complaint, brand positioning,
transactional complaint handling, concluding remarks, and closing. Their analysis challenges
accounts that treat business correspondence as primarily transactional by showing that
greetings, apologies, and expressions of empathy are integrated with explanations and
problem resolution. Similarly, Park et al. (2021) found that American professionals generally
used more supportive moves, indirect requests, and relationship-building strategies, whereas
Korean professionals placed greater emphasis on directness and repeated requests. Taken
together, these findings show that rhetorical organization is shaped not only by
communicative purpose but also by politeness norms, face management, writer-reader
relationships, and cultural expectations.

Nevertheless, the move-analytic focus of this literature presents an important limitation.
Move analysis identifies the broad communicative functions performed in a message, but it
does not necessarily explain how writers connect information from one sentence or clause to
the next. Two emails may contain the same moves while differing in the continuity,
repetition, or development of their topics. Consequently, the existing genre literature provides
a less developed account of the local discourse progression. Examining topical structure can
therefore complement move analysis by revealing how information is maintained and

developed within and across rhetorical moves.

AI-Generated Writing and Professional Communication

The emergence of Al has transformed professional communication. Al tools such as
ChatGPT, Gemini, and Microsoft Copilot are increasingly used in the workplace to draft
emails, prepare reports, summarize documents, and support routine communication tasks
(AlAfnan, 2025; Cardon et al., 2023; Getchell et al., 2022; Olszewski et al., 2026). Their
appeal lies in their potential to accelerate writing processes, reduce costs, and produce fluent,
apparently high-quality content (Haleem et al., 2023; Papakonstantinidis, 2024). Fluency,
however, can obscure important differences between surface-level quality and discourse-level

effectiveness. Al-generated texts may resemble human writing to the extent that even
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experienced language professionals struggle to distinguish them from human writing. Casal
and Kessler (2023) reported that expert reviewers correctly identified Al-generated research
abstracts only 33.7% of the time. Interestingly, reviewers based their judgments on
specificity, writing quality, and authorial voice, yet these criteria were unreliable indicators of
Al authorship. This finding suggests that intuitive judgments based on overall quality or style
may be insufficient and that more systematic linguistic indicators are needed.

Comparative research generally portrays Al-generated writing as structurally polished
but also potentially standardized. Herbold et al. (2023), for example, compared argumentative
essays written by students with those generated by ChatGPT-3 and ChatGPT-4. Expert
evaluators rated Al-generated essays significantly higher across several dimensions of writing
quality, including logical organization, vocabulary sophistication, and language complexity.
Computational analyses likewise indicated greater syntactic complexity and structural
consistency in the Al-generated essays. At the same time, the essays repeatedly used similar
introductions, conclusions, and organizational templates across topics. Al’s consistency may
therefore function both as an advantage and as a possible marker of authorship: it can
enhance perceived organization while limiting rhetorical flexibility.

Evidence concerning AI’s lexical performance is less uniform and appears to depend on
the model, task, and professional domain. Although Al-mediated texts may employ
terminology consistently (AlAfnan, 2025), Reviriego et al. (2024) found that ChatGPT-3.5
produced fewer distinct lexical items than human writers, indicating lower lexical diversity
despite high fluency. ChatGPT-4, however, approached or occasionally exceeded human
performance, depending on the task. Accordingly, low lexical diversity cannot be treated as a
stable or model-independent characteristic of Al writing. In medical writing, Liao et al.
(2023) similarly found that Al-generated texts relied on more general vocabulary and fewer
specialized lexical items than texts written by medical professionals. Human-authored texts
contained more varied terminology, numerical information, and domain-specific expressions.
Considered together, these studies distinguish lexical fluency from informational precision:
Al may produce accessible and cohesive text without consistently reproducing the specificity
associated with expert professional knowledge. They also caution against identifying Al
authorship through isolated lexical features, because such features can change across model
generations and communicative contexts.

The limitations of lexical and syntactic indicators have directed increasing attention
toward discourse organization. Yang et al. (2024) found that ChatGPT-generated

argumentative essays relied predominantly on constant thematic progression, in which the
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same theme was maintained across successive clauses. Although this pattern supported

grammatical cohesion, it also produced repetitive and list-like discourse. Human writers used
linear progression more frequently, allowing information introduced in one clause to become
the point of departure for the next and thereby creating more cumulative development. This
contrast suggests that the distinction between human and Al writing may lie less in whether a
text is cohesive than in how that cohesion is achieved: Al-generated texts may favor thematic
stability, whereas human writers may permit more dynamic shifts in information flow.

Research on professional email provides related evidence. Wilson and Rose (2025)
found that ChatGPT, Gemini, and human writers all reproduced the obligatory moves of
business refusal emails. However, the Al systems overused particular rhetorical steps,
including repeated expressions of appreciation, empathy, and politeness, whereas human
writers adapted move sequencing more flexibly to interpersonal relationships and
communicative contexts. These results parallel the findings from argumentative writing:
across genres, Al appears capable of reproducing expected structures but may realize them
with greater repetition and standardization. Nevertheless, the evidence remains limited
because genre moves and thematic progression operate at different levels of discourse.
Successful reproduction of obligatory moves does not establish that Al organizes topics
within those moves in the same way as human writers.

The preceding literature reveals four related gaps. First, studies of business email have
concentrated on rhetorical moves (Mehrpour & Mehrzad, 2013; Park et al., 2021; Van Herck
et al., 2022), politeness strategies (Qu, 2024), and linguistic features (Roshid et al., 2018).
Although these approaches explain what communicative functions emails perform and how
interpersonal meanings are expressed, they provide limited insight into how topics are
maintained or developed across clauses. Second, human-Al comparisons have focused
mainly on argumentative essays (Herbold et al., 2023; Yang et al., 2024), medical writing
(Liao et al., 2023), and academic texts (Reviriego et al., 2024), leaving business emails
comparatively underexplored. Third, thematic progression research suggests that human and
Al texts differ in information flow, but thematic progression is not identical to TSA. It
therefore remains necessary to determine whether TSA captures comparable authorship
differences in professional communication. Fourth, existing studies have largely described
differences between groups; they have seldom tested whether discourse-level features can
statistically predict authorship, particularly across native English-speaking, non-native

English-speaking, and Al-generated texts.
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The present study addresses these gaps by applying TSA to business emails written by
native English speakers, non-native Iranian speakers, and generative Al. Rather than treating
topical patterns only as descriptive characteristics, the study examines their potential as
predictors of authorship. Specifically, it compares the frequencies of four topical-progression
patterns while controlling for text length and tests whether these discourse-level features can

distinguish among the three authorship groups.

Methods
Design
This study used a quantitative corpus-based discourse analysis to examine the topical

organization of business emails written by native speakers, non-native speakers, and Al

Corpus

The corpus for the present study consisted of 180 business emails: 60 written by native
speakers, 60 by non-native Iranian speakers, and 60 by Al. The native-speaker and non-native-
speaker emails were selected from a business email corpus collected under the coordination of
Shiraz University. The native/non-native classification in the source corpus was based on the
linguistic and contextual information available to the corpus compilers in establishing the two
human-written groups. The native-speaker group comprised business correspondence classified
in the source corpus as having been produced by native English-speaking writers in English-
speaking professional contexts in England and the United States, whereas the non-native-
speaker group comprised correspondence classified in the source corpus as having been
produced by non-native English-speaking Iranian writers working in Iranian professional
contexts. This corpus has previously been used in discourse-analytic research. In particular,
Mehrpur and Mehrzad (2013) used this corpus to analyze the moves in business emails.

For the present study, emails were selected based on their primary communicative
function. Specifically, emails were included if their main purpose was to provide information
or to request information, an action, or a favor. This operational definition follows the idea
that communicative purpose is the defining characteristic of a genre (Swales, 1990). To
ensure confidentiality, all addresses appearing in the To and From fields were deleted.

The third category of the corpus consisted of Al-generated business emails. To help Al
generate comparative emails, the communicative contexts of 30 randomly selected emails
written by native speakers and those of 30 randomly selected emails written by non-native

speakers were given to ChatGPT-5 one by one with a prompt asking for writing a business
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email on the proposed communicative context (see Appendix B). Each communicative

context was entered in a separate interaction, and the same generation procedure and prompt
were used for all 60 Al-generated emails. No additional instructions concerning topical
progression, native/non-native writing characteristics, or the linguistic features under
investigation were provided. The Al-generated emails were not edited, paraphrased, or
grammatically corrected by the researchers after generation. The outputs were analyzed in the
form in which they were generated.

Table 1 presents the features of the corpus, including the total number of words in
emails, the total number of t-units in emails, and the average number of words per t-unit. As
is evident, the emails written by native speakers are longer than those written by Al and non-
native speakers. However, the number of t-units generated by Al is more than that of native

and non-native speakers.

Table 1. Features of the Corpus

Units Native speakers  Non-native speakers Al
Total number of words 5502 2781 3441

Total number of t-units 414 301 450
Average number of words per t-unit 13.28 9.23 7.64

The data were analyzed using Topical Structure Analysis, proposed by Lautamatti
(1987) to examine how topics were developed throughout the business emails. The analysis
was carried out in several stages. First, the number of words and the number of t-units
(i.e., any independent clause and all its required modifiers, or any non-independent clause
punctuated as a sentence, or any imperative (Schneider & Connor, 1990) in each business
email were determined. Then, the topic in each t-unit was identified. The identification of
topics rested on the use of interpretation to determine what a t-unit was about (Witte, 1983;
Schneider & Connor, 1990) and the use of “as for” device at the beginning of the t-unit
(Huddleston, 1984). Beginning a t-unit with an “as for” phrase and finding an appropriate
object for it separated the t-unit’s topic from other possibilities. Then, different types of topic
progression (Parallel, Sequential, and Extended parallel) in each email were explored through
some guidelines excerpted from Schneider and Connor (1990, p. 427; see Appendix A).
Simpson (2000) added the fourth type of topic progression, Extended Sequential Progression,
in which a unit in the rheme of an earlier t-unit became the topic of a later t-unit after an
intervening sequence.

Finally, when the progressions were plotted, the number of occurrences of each type of

topic progression in each email was counted and tabulated. It should be noted that the three
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groups were not identical in their total number of words. This difference resulted from the use
of authentic business emails, which naturally varied in length across the source groups.
Because the purpose of the study was to compare topical progression patterns across
individual business emails rather than to compare aggregate word totals, the analysis was
designed to account for differences in text length. In particular, the statistical analyses used
the number of T-units as the exposure measure.

Data analyses were conducted using R software. To answer the first research question,
separate Poisson generalized linear models (GLMs) were fitted for each topical structure type
(Parallel, Sequential, Extended Parallel, and Extended Sequential). The dependent variable
was the frequency count of each topical structure, and text type (native, Al-generated, and
non-native) was entered as the predictor. Native texts served as the reference category.
Because the texts differed in length, the logarithm of the number of t-units was included as an
offset in each model. Consequently, the models estimated the rate of occurrence of each
topical structure per t-unit rather than raw frequency counts, thereby controlling for variation
in text length. To account for differences in the text lengths, the logarithm of the number of
T-units in each email was included as an offset in each model. This specification estimates
the expected rate of occurrence of each topical structure per T-unit rather than comparing raw
frequencies, thereby controlling for variation in email length at the level at which topical
progression was measured. In addition, since four separate models were estimated, Holm-
adjusted p-values were applied to control the Type I error rate across multiple comparisons.

To answer the second research question, to examine whether topical structure
frequencies predicted text type, a multinomial logistic regression analysis was conducted
using R software. The dependent variable was text type, consisting of three categories
(native, Al-generated, and non-native), with native designated as the reference category. The
predictor variables were the frequencies per t-unit of the four topical structure types: Parallel,
Sequential, Extended Parallel, and Extended Sequential. Frequencies were converted to rates
by dividing the frequency of each topical structure by the total number of t-units in each text
to control for differences in text length. Model performance was evaluated using a likelihood
ratio test comparing the fitted model with the intercept-only model. Model fit was further

assessed using McFadden’s, Cox and Snell’s, and Nagelkerke’s pseudo-(R”2) indices.

Reliability of Coding
The coding scheme was applied consistently across all three datasets. Intra-coder and inter-

coder reliability were estimated. The researcher randomly selected 60 emails (20 emails from
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each category of native, non-native, and Al-generated emails) and re-coded the emails for

t-units and progression types after four weeks. Cohen’s Kappa was estimated. The resulting
Cohen’s kappa coefficients were k = .94 for T-unit identification and k = .91 for topical
progression classification, indicating very high agreement between the two coding occasions.
In addition, a colleague who was trained in coding was asked to code the same subset of data.
Cohen’s kappa coefficients were k = .89 for T-unit identification and k = .84 for topical
progression classification, indicating substantial agreement according to the interpretation
proposed by Landis and Koch (1977). Disagreements between coders were discussed until

consensus was achieved.

Findings

The topical progression patterns used by native speakers, non-native speakers, and Al in
business emails are examined. Figure 1 compares the proportion of topical progressions in
business emails written by native speakers, non-native speakers, and Al It indicates that
Sequential progression, followed by Parallel progression, were the dominant types of
progression used in the three groups. On the other hand, Sequential progression was
predominantly used by Al. Parallel progression was predominantly used by native speakers and
Al Extended Sequential progression was predominantly used by Al, and Extended Parallel
progression was predominantly used by native speakers. To examine if the difference between

them is statistically significant, Poisson generalized linear models were run using R software.
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Figure 1. The Proportion of Different Topic Progressions Used in Business Emails Written

by Native Speakers, Non-Native Speakers, and Al

AREL




Who Wrote This Email? Topical Structure as a Predictor of Native, Non-Native, and Al-Generated Writing m

Are there statistically significant differences among native, non-native, and Al-generated
business emails in terms of the frequencies of the four topical structure types after
controlling for text length?

Research Question 1 asked whether native, non-native, and Al-generated texts differed in
their frequencies of the four topical structure types in the present corpus after controlling for
text length. To address this question, separate Poisson generalized linear models were fitted
for each topical structure type with the logarithm of the number of t-units included as an
offset. Native texts served as the reference category, Incidence Rate Ratios (IRRs) were used
to quantify the magnitude of group differences, and Holm-adjusted p-values were used to
account for multiple comparisons. As shown in Table 2, the use of Parallel topical structures
differed significantly only between native and non-native texts. Al-generated texts did not
differ significantly from native texts (B = -0.021, IRR = 0.98, 95% CI [0.77, 1.25], Holm-
adjusted p = 1.000). In contrast, non-native texts exhibited a significantly lower rate of
Parallel topical structures than native texts (B = -0.681, IRR = 0.51, 95% CI [0.36, 0.70],
Holm-adjusted p < .001). This indicates that the frequency of Parallel topical structures used
by non-native writers was 49% lower than that of native writers after controlling for text
length.

For Sequential topical structures, neither Al-generated texts (f = 0.161, IRR = 1.17,
95% CI [0.99, 1.40], Holm-adjusted p = .266) nor non-native texts (f = 0.030, IRR = 1.03,
95% CI [0.84, 1.25], Holm-adjusted p = 1.000) differed significantly from native texts.
Therefore, Sequential topical progression occurred at comparable rates across the three text
types.

The analysis of Extended Parallel topical structures revealed significant differences for
both comparison groups. Al-generated texts produced substantially fewer Extended Parallel
structures than Native texts (B = -1.726, IRR = 0.18, 95% CI [0.07, 0.40], Holm-adjusted
p <.001), corresponding to an approximately 82% lower rate. Likewise, non-native texts also
demonstrated significantly lower rates of Extended Parallel structures than Native texts
(B = -1.169, IRR = 0.31, 95% CI [0.13, 0.66], Holm-adjusted p = .026), representing an
approximately 69% reduction in the expected rate.

A different pattern emerged for Extended Sequential topical structures. Al-generated
texts produced Extended Sequential structures at a significantly higher rate than native texts
(B = 1.048, IRR = 2.85, 95% CI [1.76, 4.84], Holm-adjusted p < .001), indicating that
Al-generated texts were expected to contain nearly 2.9 times as many extended sequential

structures as native texts. However, the difference between non-native and native texts was
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not statistically significant (B = 0.156, IRR = 1.17, 95% CI [0.61, 2.23], Holm-adjusted
p = 1.000).

The results demonstrate that the three groups in the present corpus differed selectively
rather than uniformly in their topical progression patterns. Native texts were characterized by
significantly greater use of Extended Parallel topical progression than both Al-generated and
non-native texts, whereas Al-generated texts showed a substantially greater use of Extended
Sequential progression. Sequential topical structures occurred at similar rates across all three
groups, and Parallel topical structures distinguished only native and non-native texts. These
findings suggest that differences in discourse organization among the three text types are
concentrated in specific topical progression patterns rather than being evident across all

topical structure types.

Table 2. Poisson Generalized Linear Models Predicting Topical Structure Frequencies

(Native Texts as the Reference Category)

Topical Holm-
Comparison B SE Z 1IRR 95% CI
Structure adjusted p
Al-generated vs. [0.77,
-0.021 0.125 -0.171 0.98 1.000
Native 1.25]
Parallel
Non-Native vs. [0.36,
-0.681 0.172 -3.948 0.51 <.001
Native 0.70]
Al-generated vs. [0.99,
. 0.161 0.088 1.835 1.17 266
. Native 1.40]
Sequential
Non-Native vs. [0.84,
0.030 0.101 0.295 1.03 1.000
Native 1.25]
Al-generated vs. [0.07,
. -1.726 0.446 -3.870 0.18 <.001
Extended Native 0.40]
parallel Non-Native vs. [0.13,
-1.169 0.419 -2.794 0.31 .026
Native 0.66]
Al-generated vs. [1.76,
1.048 0.257 4.076 2.85 <.001
Extended Native 4.84]
sequential Non-Native vs. [0.61,
. 0.156 0.330 0474 1.17 1.000
Native 2.23]

Note. B = regression coefficient (log-rate); SE = standard error; z = Wald statistic; IRR = incidence rate ratio;

CI = confidence interval
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Can topical progression patterns predict whether a business email is written by a native
speaker, a non-native speaker, or AI?

To determine whether topical structure frequencies in the present corpus could predict text
type (research question 2), a multinomial logistic regression analysis was conducted. Table 3
presents the overall fit of the multinomial logistic regression model. The likelihood ratio test
showed that the full model significantly improved the prediction of text type compared with
the intercept-only model, ¥*(8) = 223.03, p < .001. The pseudo-R? statistics further indicated
that the model had substantial explanatory power (McFadden R?= .564; Cox & Snell
R?= .710; Nagelkerke R?= .799). In addition, the model achieved an overall classification
accuracy of 85.6%, indicating that topical structure frequencies provided strong predictive

information for distinguishing among native, non-native, and Al-generated texts.

Table 3. Overall Fit of the Multinomial Logistic Regression Model

Statistics Value
Likelihood ratio > 223.03
Df 8
P <.001
McFadden R? .564
Cox & Snell R? 710
Nagelkerke R? 799

The regression coefficients are presented in Table 4. Relative to native texts,
Al-generated texts were significantly associated with higher frequencies of Parallel
(B =9.106, p = .015), Sequential (f = 9.381, p = .009), and particularly Extended Sequential
topical structures (f = 24.619, p < .001). In contrast, Extended Parallel topical structures
significantly reduced the likelithood that a text would be classified as Al-generated
(p=-12.121, p=.019).

For the comparison between non-native and native texts, Parallel (f = —17.404,
p <.001), Sequential (f =-13.964, p < .001), and Extended Parallel (5 = -19.886, p < .001)
topical progressions were significant predictors. However, Extended Sequential topical
structures did not significantly distinguish non-native from native texts (f =-2.618, p = .577).

Table 4 indicates that not all topical structure types contributed equally to text

classification. Extended Sequential structures were the strongest indicator of Al-generated

AREL




m Applied Research on English Language, V. 15 N. 4 2026

writing, whereas Extended Parallel structures showed the opposite pattern, making

Al-generated texts less likely than native texts. In contrast, non-native texts were
characterized by significantly lower rates of Parallel, Sequential, and Extended Parallel
structures relative to native texts, while Extended Sequential structures did not differentiate
non-native and native writing. These findings suggest that the distribution of topical
structures varies systematically across text types and provides meaningful linguistic cues for

distinguishing human and Al-generated writing.

Table 4. Multinomial Logistic Regression Predicting Text Type (Reference Category = Native)

Comparison Predictor B SE Z P OR 95% C1
Parallel  9.106 3.729 2442 015 9005.64 6.03-13.,45
Sequential 9.381 3.595 2.610 .009 11862.62 10.34-13,61
Extended 12.121 5.166 —2.346 .019 0.000005 0-000000000218
Algenerated o attel R | 0.13
24.619 4.784 5.146 <.001 4.92 x 10'° .
Sequential 10"

3.01 x 107""-2.54 x
Parallel —17.404 3.480 -5.000 <.001 2.76 x 1078

1075
7.97 x 1071°—
Sequential —13.964 3.564 —-3.918 <.001 8.62 x 1077
0.000932
Non-Native
Extended 1.08 x 10713~
-19.886 5.088 —3.908 <.001 2.31 x 107°
Parallel 0.000050
Extended
-2.618 4.693 -0.558 .577 0.073 0.000007-721.24
Sequential

As the confusion matrix (Table 5) shows, the multinomial logistic regression correctly
classified 154 of the 180 texts (85.6%). Al-generated and non-native texts were identified
with particularly high accuracy, with no Al-generated texts being classified as non-native and
no non-native texts being classified as Al-generated. Most classification errors occurred
between native texts and the other two groups, suggesting that native texts shared some
topical structure characteristics with both Al-generated and non-native writing. Nevertheless,
the overall classification accuracy indicates that topical structure frequencies provide strong

discriminatory information for identifying text type.
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Table 5. Classification Accuracy of the Multinomial Logistic Regression Model

Actual Text  Predicted Native Predicted Al-generated Predicted Non-Native
Native 47 6 7
Al-generated 7 53 0
Non-Native 6 0 54
Overall classification accuracy = 85.6%
Discussion

Are there statistically significant differences among native, non-native, and Al-generated

business emails in terms of the frequencies of the four topical structure types after

controlling for text length?

The findings showed that the three groups studied in the corpus of the present study did not

differ uniformly across all topical progression patterns. Although significant differences were

observed in Parallel, Extended Parallel, and Extended Sequential progression, Sequential

progression occurred comparably in the three groups. Thus, Sequential progression is a

discourse strategy shared by both human writers and Al. It is one of the basic mechanisms for

maintaining coherence since it presents ideas that are developed from the previous clause

(Chang, 2023). This interpretation is consistent with research studies reporting sequential

progression as the predominant or one of the most frequently occurring topical progressions

in L1 or L2 writing contexts (Herriman, 2011; Schneider & Connor, 1990; Shabana, 2018;

Zhang & Lee, 2019). One possible explanation is that Sequential progression is closely

aligned with

the general communicative need to develop information progressively in

business correspondence.

Another notable finding was the greater use of Extended Parallel progression in emails

written by native speakers. Extended Parallel progression, in which the topic of a sentence

returns to a topic established several sentences earlier, represents a cognitively demanding

discourse strategy. It requires the writer to maintain a mental representation of earlier

discourse topics and to reactivate them purposefully, thereby creating higher-quality texts; it

facilitates making semantic ties in texts (Witte & Faigley, 1981). The greater frequency of

Extended Parallel progression in the native-speaker group may therefore indicate a greater

tendency to reactivate established discourse topics when developing business messages. This

progression helps readers return to the important topics in the text and elaborate on them

(Witte, 1983).
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The significantly lower use of Extended Parallel progression by non-native speakers is

consistent with Uysal (2012), who demonstrated that L2 writers fail to use discourse
strategies such as rhetorical presentations. In addition, it can be justified by Kellogg et al.
(2013), who argued that novice writers devote substantial cognitive resources to lexical
retrieval and grammatical encoding, leaving fewer attentional resources available for global
discourse planning. Consequently, L2 texts often achieve adequate local coherence while
exhibiting weaker long-distance thematic integration. The present findings also reinforce
Incelli’s (2013) argument that discourse competence develops more gradually than
grammatical competence.

A contrasting pattern emerged for Extended Sequential progression. Al-generated
emails used this progression at nearly three times the rate observed in native texts, whereas
non-native writers did not differ significantly from native speakers. In Extended Sequential
progression, later topics are derived from information introduced in the rheme of earlier
clauses (Simpson, 2000). This progression may reflect the large language model’s (LLM)
generation process: recently introduced lexical and semantic material strongly conditions
subsequent output, encouraging repeated expansion of prior content (Elkhatat, 2023). This
pattern is also in line with research showing that Al-generated texts tend to have higher rates
of repetition and lower lexical diversity (Gao et al., 2023).

Another finding concerns Parallel progression. Only native and non-native writers
differed significantly; non-native writers produced lower Parallel progression. Parallel
progression enables writers to maintain a stable topical focus while elaborating multiple
aspects of the same topic (Lautamatti, 1987). Previous TSA research associated greater use of
Parallel progression with higher coherence (Connor & Farmer, 1990; Schneider & Connor,
1990). The reduced frequency observed among non-native writers therefore suggests
difficulty maintaining thematic stability through business communication. Research indicates
that EFL learners frequently prioritize introducing new information over sustaining an
existing topic, resulting in texts that are coherent locally but less integrated globally (Flores
& Yin, 2015; Liao et al., 2023).

By contrast, Al-generated texts did not differ significantly from native texts in their use
of Parallel progression. This suggests that LLMs can replicate the surface-level topic
continuity characteristic of native expert writing. This finding is consistent with research
indicating that LLMs can produce locally coherent text that maintains referential continuity

across adjacent sentences (Gao et al., 2023). However, as the findings for Extended Parallel
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and Extended Sequential progressions demonstrate, this local coherence does not extend

uniformly to more complex, long-range topical organization.

Can topical progression patterns predict whether a business email is written by a native
speaker, a non-native speaker, or AI?

The analyses identified Extended Sequential progression as the strongest positive predictor of
Al authorship, while Extended Parallel progression was the strongest negative predictor in
the corpus investigated in this study. This finding is consistent with the group-level
comparisons in RQI1. This pattern reveals a distinctive discourse pattern for Al-generated
business emails: they are characterized by a particular topical progression in which ideas are
elaborated in long forward-moving chains (Extended Sequential) rather than being revisited
through topic returns (Extended Parallel). This profile constitutes a form of Al discourse
fingerprint detectable by TSA, extending the concept of Al fingerprints previously identified
at the lexical and syntactic levels (Casal & Kessler, 2023; Gao et al., 2023; Roshid et al.,
2018).

For non-native texts, Parallel, Sequential, and Extended Parallel progressions were all
significant negative predictors compared with native-speaker texts. This finding indicates that
non-native writers in this corpus used all three of these topical structure types at significantly
lower rates than native writers; this pattern suggests that non-native business emails are
characterized by a broadly reduced deployment of topical progression strategies, potentially
reflecting shorter texts, simpler discourse organization, or avoidance of complex rhetorical
structures (Shabana, 2018; Uysal, 2012). Importantly, Extended Sequential progression did
not significantly distinguish non-native from native texts.

These findings extend prior research on native-non-native differences in
communication. Studies of business email and letter writing have demonstrated that non-
native writers differ from native writers not only in grammatical accuracy but in the
deployment of rhetorical and discourse-level structures (Flowerdew & Wan, 2010; Incelli,
2013; Mehrpour & Mehrzad, 2013; Park et al., 2021; Van Herck et al., 2022). The present
study adds topical structure distribution to this list of differentiating features and
demonstrates that these differences are strong enough to support text classification with high
accuracy.

Finally, the confusion matrix revealed a particularly notable result: no Al-generated text
was classified as non-native, and no non-native text was classified as Al-generated. This

exclusivity indicates that, despite both groups differing from native writing, Al and non-
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native texts have distinct topical structure. This finding challenges the assumption that

Al-generated text resembles non-native writing, a concern raised by Liang et al. (2023), who
documented that AI detection tools disproportionately flag non-native writing as
Al-generated. The present study suggests that, at the level of topical structure, Al and non-
native writing are distinct, with Al overproducing Extended Sequential chains and non-native

underproducing all major topical structure types.

Conclusions
This study investigated differences in topical progression patterns among business emails
written by native speakers, non-native speakers, and Al. Specifically, it examined whether the
three groups differed in the frequencies of four topical progression patterns after controlling
for text length and whether these discourse features could predict text authorship. The
findings showed that discourse organization varied systematically across the three text types.
Rather than differing uniformly across all topical progression patterns, the groups exhibited
distinctive discourse patterns. Native writers used significantly more Extended Parallel
progression than non-native writers and Al, reflecting recursive thematic development. In
contrast, Al-generated texts relied heavily on Extended Sequential progression. Moreover,
Sequential progression occurred at similar rates across all groups, while Parallel progression
differentiated only native and non-native texts. Furthermore, multinomial logistic regression
showed that topical structure frequencies predicted text type with high accuracy (85.6%),
highlighting the effectiveness of discourse-level features in distinguishing native, non-native,
and Al-generated business emails.

The present findings contribute to the theoretical development of TSA in several ways.
First, they demonstrate that the TSA framework, originally developed for academic writing
(Lautamatti, 1978; Witte, 1983), retains its discriminatory power when applied to the
professional genre of business email and Al-generated writing. Second, the differential use of
Extended Parallel versus Extended Sequential progression shows the difference between
human expert writing and Al-generated texts. Third, the finding that non-native and Al texts
differed from native texts in distinct ways suggests that the mechanisms underlying their
departures from native discourse norms are different: non-native writers are constrained by
L2 proficiency limitations and avoidance strategies, while Al is constrained by features that
privilege local, forward-moving elaboration over global, retrospective topic management.

The findings also have implications for the teaching of professional writing to non-

native business communicators. Given that non-native writers in this study systematically
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underused Parallel, Extended Parallel, and Sequential topical progressions relative to native

writers, explicit instruction in topical structure may be beneficial in business English

programs. Instruction that draws learners’ attention to the importance of topic return

(Extended Parallel) and sustained topic focus (Parallel) may help non-native writers produce

more coherent and effective business emails.

Despite its contributions, the study has several limitations. First, the corpus consisted

exclusively of business emails. Thus, the findings may not generalize to other forms of

writing. Future studies should examine topical progression across a wider range of

professional and academic genres. Second, the findings concerning Al-generated writing

should also be interpreted within the specific boundaries of the present corpus. The

Al-generated emails were produced using a single LLM (ChatGPT-5) and a specific

prompting procedure. Consequently, the results demonstrate that the topical progression

patterns examined in this study provide discriminating information among the three groups

represented in the present dataset. Different LLMs may produce different discourse patterns,

and changes in prompts, model versions, generation settings, or communicative contexts may

affect topical organization. Future research should test the robustness of TSA across outputs

generated by multiple LLMs, different prompting conditions, model versions, and larger

corpora. Third, another limitation concerns the unequal total number of words across the

three groups. To reduce the influence of text length on the statistical comparisons, the Poisson

models incorporated the logarithm of the number of T-units as an offset, and the predictors in

the multinomial logistic regression were expressed as frequencies per T-unit. Nevertheless,

normalization does not make the underlying corpora equivalent in size. Therefore, the

findings should be interpreted as evidence from the present corpus rather than as definitive

evidence about all native, non-native, or Al-generated business emails. Future research

should replicate the analysis using more closely balanced corpora, ideally with comparable

numbers of words and T-units across groups.
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Appendix A

Schneider and Connor’s guideline to examine topic progression patterns (1990, p. 427):

A) Parallel Progression:

1. Any topic that exactly repeats, is a pronominal form, or is a synonym of the immediately
preceding sentence topic.

2. Any topic that is a singular or plural form of the immediately preceding sentence topic.

3. Any topic that is an affirmative or negative form of the immediately preceding sentence
topic (e.g., artists, no artists).

B) Sequential Progression:

1. Any topic that is different from the immediately preceding topic, that is, not points (1)-(3)
mentioned in the previous part.

2. Any topic in which there is a qualify er that so limits or further specifies a noun
phrase that it refers to a different referent (e.g., a nation; a very small, multi- racial nation,
referring to two different nations).

3. Any topic that is a derivation of an immediately preceding topic (science, scientists).

4. Any topic that is related to the immediately preceding topic by a part-whole relationship
(e.g., these groups, housewives, children, and old people).

5. Any topic that repeats a part but not all of an immediately preceding sentence topic
(e.g., science and art, science, art).

C) Extended Parallel Progression:

Any topic which is interrupted by at least one sequential topic before it returns to a previous
topic.

Simpson (2000) added the fourth type of topic progression, Extended Sequential progression,
in which a unit in the rheme of an earlier t-unit became the topic of a later t-unit after an

intervening sequence.
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Appendix B

Prompt for Al-generated business email

Write a professional business email in English based on the communicative context provided
below.

The email should:

e address the communicative purpose described in the context;

« be appropriate for a professional business setting;

o communicate the necessary information clearly and completely;

Do not explain your choices or provide any analysis. Write only the email.

Communicative context: [[INSERT CONTEXT HERE]
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