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Abstract
We conducted an interview study with twelve students on their use
of generative AI in academic communication. Students delegated
professional messages to AI most where the pressure to sound
professional is highest: email to instructors and administrators. AI
involvement ranged from correcting the writer’s own text to work-
ing out and writing the message outright, and students checked
AI-written text against two criteria: whether it looks like AI and
whether it sounds like them. Building on these findings, we model
the AI-mediated process of writing a student–instructor email at
the highest level of involvement we observed, and compare it with
an unaided model of writing the same messages, built from partici-
pants’ accounts and a classic model of the writing process. Three
differences emerge: the learning loop that builds writing skill is
removed, the message is no longer written for its specific recipient,
and the confidence a successful exchange returns goes to using the
system rather than to the writer’s own ability. From these differ-
ences we derive two risks, that individual capacities never form
and that authenticity and trust in communication become work.
Design can respond to both but is unlikely to be enough, so the
risks also need research and policy attention.

1 Introduction
Generative AI is entering themessages students send. In AI-mediated
communication, an intelligent agent modifies, augments, or gener-
ates messages on a communicator’s behalf [4].

Students’ academic lives are full of these messages. They write to
instructors, advisors, peers, and administrators across email, learn-
ing management systems, institutional platforms, and social media,
and what these messages demand of the writer differs sharply by
recipient.

In a prior interview study with twelve students, we found that
AI use in academic communication concentrates on institutional
and professional recipients and spans a wide range of involvement.
That study closed with a question it could not answer: where does
generative AI sit in the communication process?

This paper takes up the question by modeling the process itself,
twice. We first model the AI-mediated process of writing an email
to an instructor, at the highest level of AI involvement we observed.
We then compare it with an unaided model of writing the same
messages, built from participants’ accounts and a classic model of
the writing process.

We contribute (1) research findings on where and how students
use generative AI for professional communication; (2) two process
models of student–instructor email, with and without AI; and (3)
three differences between the models, concerning learning, the

recipient, and confidence. We conclude the paper by discussing two
risks these differences imply, the design responses they invite, and
why the risks also need research and policy attention.

2 Where and How Students Use Generative AI
We conducted two-phase interviews with twelve students recruited
across multiple North American universities. Participants mapped
their academic communication over the previous six months into
recipient–channel groups, such as an instructor reached over school
email, rated their AI use for each, and discussed selected groups
in depth. This yielded 110 groups. The material here draws on a
preliminary analysis of six of the twelve interviews.

2.1 AI use concentrates on instructors
Students used AI most with institutional and professional recipients.
Of the 80 recipient–channel groups involving teaching staff or
administrative and project-support recipients, 62 (77.5%) reported
AI use. For peers and peer groups, reached mostly through social
media, 6 of 30 groups (20%) did.

Participants’ reasons cluster into three factors. Channel: email is
a professional channel and cannot be unsent, so it has to be right
the first time. Recipient: friends could be written to freely, while
messages to instructors were written to make a professional impres-
sion.Message: high-stakes content, such as requesting an extension
or explaining a missed deadline, prompted AI use. Beneath all three
sat doubt about their own writing ability: “The emails are in general,
just a professional way of conversing with someone. So in that sense
is where I would use AI” (P11).

2.2 AI involvement ranges from corrector to
deliberator

AI involvement was not uniform (Figure 1). Participants described
five roles for the system, from corrector at one end, through polisher,
composer, and advisor, to deliberator at the other. The behaviors
ranged from checking spelling and grammar, through adjusting
tone and assembling a message from supplied points, to working
out and writing the message outright. Autonomy shifts from the
student to the model along the range. At some point within this
range, the writer stops being the author whose text the system
reviews and becomes the reviewer of text the system authored.

2.3 Two checks on AI-written text
When the system produced the text, participants evaluated it against
two criteria: does it not look like AI, and does it sound like me. The
first concerns the message’s origin and passes when the reader
cannot tell the text came from AI. The second is a voice judgment
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Figure 1: The roles participants described for AI in their mes-
sages, from corrector to deliberator. Autonomy shifts from
the student to the model along the range; the AI-mediated
model in this paper assumes the deliberator end.

only the writer can make. Both checks structure the model that
follows.

3 Modeling AI-Mediated Student–Instructor
Email

3.1 Scope
We model the context where AI use was heaviest, email from stu-
dents to instructors and teaching staff. The writer there is almost
by definition a novice. Students are rarely fluent in professional
academic register (the tone and form these messages are expected
to take), the relationship is unequal, and the genre is rarely taught
directly. Students without professional experience struggle to write
such messages [5]. Email to administrative and project-support
recipients behaved almost identically, so we treat this case as rep-
resentative of professional academic email rather than a special
one.

We assume the highest level of AI involvement we observed,
the deliberator end of Figure 1, in which the system writes the
message and the student revises. We choose it because the contrast
is easiest to see there, and lower levels of involvement can be read
as positions between the two models.

3.2 The AI-mediated model
In Figure 2, the writer discovers a need to communicate and asks an
AI system towrite themessage. The prompt absorbs a step.Working
out what to ask for and how to frame it, which otherwise happens
before and during drafting, now happens inside the prompt, if at
all. A prompt as short as “ask my professor for an extension” hands
that work over too.

The writer then checks the output against the two criteria from
Section 2.3 and edits if necessary. The edit step is drawn with a
dotted boundary because it is optional and varied. Some partic-
ipants sent the generated text unchanged. Others replaced only
the sentences that did not sound like them or did not belong in a
message to that recipient. Others swapped placeholders for real
names and details. In no case was the message reworked as a whole.
The message is sent, a reply arrives, and the outcome returns to
the writer as confidence in using the system.

4 An Unaided Model for Comparison
Seeing what this process changes requires a model of the same
message written without AI. Figure 3 presents one, built from how
participants described composing such messages themselves and

from the standard cognitive account of writing, in which plan-
ning, drafting, and reviewing loop back on one another rather than
running in order [3].

The writer discovers the need, writes the message, and checks
it for gaps: does it get the point across professionally, does the
tone fit the relationship, is the format professional. When a check
fails, the writer goes and finds out how to fix it, from an example,
a template, a peer’s message, or an email they once received and
kept, and returns with something they did not have before. The
loop turns until the message passes. The figure groups these steps
as the communication skill learning steps. It is sent, a reply arrives,
and the outcome returns to the writer as a small gain in confidence
in their own communication.

5 Three Differences
Reading the models against each other shows three differences. The
first two concern what the process no longer contains, and the third
concerns what it returns.

5.1 The learning loop is removed
In the unaided model, a failed check sends the writer outward.
Not knowing whether a format is right is what drives them to
find an example, and each pass returns with something new. The
loop yields a better message and a slightly better writer. In the
AI-mediated model, a failed check produces a deletion. The writer
cuts the sentence that does not fit, or fills in a real name, and moves
on. Nothing turns the failure into an occasion to learn what would
have fitted.

Steps also vanish at both ends of the process. The prompt absorbs
planning, so working out the ask is never practiced. At the other
end, some checks are dropped altogether. Writers learn, correctly,
that the system does not misspell words or leave stray spaces, and
stop looking for such errors. Only a narrow judgment survives,
about whether a sentence sounds right for this writer and this
reader. That is surface revision, and the surface is all that is left to
revise, because the global decisions, what to say, in what order, in
what register, were made elsewhere. Our participants could spot a
professional email that works; they were not learning to write one.

5.2 The recipient drops out
The generated message is written for a generic professor. The actual
recipient is this professor, with whom the student has a particular
history, a degree of closeness, and a record of previous exchanges.
Students’ communication choices track exactly these features of
the relationship, and pragmatics research on student–faculty email
shows writers calibrating their requests to status and imposition [2].
A system prompted for a professional email to a professor has none
of them. It has a genre.

The swap is hard to notice because the output is competent
writing addressed to no one in particular, a well-formed message
for an average reader standing in for a real one. The edit pass
catches the worst misfits, and participants did cut sentences that
did not belong in a message to that recipient. But catching a misfit
trims the message at its edges. Building the message around the
relationship has to happen from the start.
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Figure 2: The AI-mediated process of writing an email to an instructor at the highest level of involvement we observed. The
edit step is drawn with a dotted boundary because it is optional. The exchange returns to the writer as confidence in using the
system rather than in their own ability to communicate.

Figure 3: The unaided process of writing the same email. The inner loop is where the writer learns, since a failed check sends
them to find out how to fill the gap and they return with genre knowledge they did not have. The exchange returns to the
writer as confidence in their own ability to communicate.

5.3 The confidence goes to the tool
Both models close by returning the outcome of the exchange to the
writer, but what returns differs. In the unaided model, a reply that
goes well feeds the writer’s sense of their own ability to communi-
cate. In the AI-mediated model, it feeds their confidence in using
the system.

Confidence in one’s own ability grows most strongly through
succeeding at the task oneself [1], and success attributed to some-
thing outside oneself does not build it the same way. A student
whose delegated email draws a warm, prompt reply has learned
that the system writes good emails. The lesson stops there and
never reaches their own ability. The skill that accumulates is real

and useful, and it points at the wrong target. Writers become gen-
uinely better at getting good messages out of the system, and no
more able to produce one themselves. The opposite pattern ap-
pears in prior work, where students given support that scaffolds
rather than generates report more confidence in their own writing
afterward [5].

6 Risks and Responses
In the short run, delegation almost certainly improves the messages
students send. The risks lie elsewhere. We see two, and both can
be read directly off the models.

The first risk is that individual capacities never form. Each step
the AI-mediated model removes is a capacity the unaided model
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exercised. The prompt absorbs the decision-making and argumen-
tation of working out what to ask for and how to frame it, the
vanished search step removes information seeking, the missing
draft removes writing practice, and the narrowed checks constrain
independent, critical judgment of whether a message works. Capac-
ities that are not exercised do not form, and the effect compounds.
Low confidence in the genre leads to delegation, delegation takes
away the practice that would build capacity and confidence, and
the next message is delegated too. Our data supports the first step
directly, as participants named low confidence as a reason for AI
use. The second step is an inference from the model comparison
and research on confidence, and testing it requires evidence that
follows students over time, which we do not have.

The second risk is that authenticity and trust in the commu-
nication become work. The AI-mediated model adds two checks
with no counterpart in the unaided model, and both concern how
the message will be received rather than what it says. The voice
check guards perceived sincerity, and the origin check makes sense
only if being read as machine-written would lose the reader’s trust.
Passing both takes work. The writer must make the message sound
like themselves and ensure it does not read as machine-written,
labor that did not exist before and that is spent on where the mes-
sage came from. The recipient side thins as well. The generated
message is built for a generic professor, so the history and closeness
that carry emotional connection survive only where the edit pass
restores them. Once this labor is counted, whether delegation saves
effort at all is open.

If the risks stem from the differences between the two models,
design can try to put back what delegation removed. A system that
treats a cut sentence as a signal, and shows the writer what would
have fitted, restores the outward step of the unaided model. A sys-
tem that asks who the message is for and what the relationship is,
before drafting a word, builds the message around that relationship
instead of the genre. Assistance that scaffolds rather than gener-
ates returns the confidence to the writer, and students using such
systems report more confidence in their own writing afterward [5].

Design alone is unlikely to be enough, because a design that
teaches pays off across many messages while students choose their
tools one message at a time. A tool that asks the writer to try first
is more expensive at the moment of use than one that delivers
the message ready to send, and every reason participants gave for
delegating (the stakes, the permanence of email, the doubt in their
own writing) weighs on the side of the ready message. A design
that teaches has to survive that comparison each time a student
faces a blank email.

This limit is why the risks need attention from research and
policy as well. Neither risk will surface on its own. No single mes-
sage is a problem. The student breaks no rule, the instructor is not
wronged, and no vendor decision is to blame. Every visible sign im-
proves: the emails are clearer, arrive faster, and are better received.
The cost exists only in aggregate and over time, and it becomes
visible only where someone deliberately looks. Research can look
for it, since the models predict that heavy delegators should remain
able to identify a professional email that works while becoming
less able to produce one unaided. Policy can act on it, since institu-
tions treat AI in student communication as an academic integrity
question even though nothing in the process we model breaks a

rule. Professional register, once acquired through ordinary daily
practice, now has to be taught directly, and that is a curriculum
question.

Where generative AI sits in the communication process is better
answered by modeling the process twice than by locating AI within
it once. The comparison shows that AI changes the process itself,
and that its costs are invisible in the messages it produces. We offer
it as a hypothesis.
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