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on the message, but they may also trust you a little less
and put less into their reply and their work. They will
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Dear team, I hope this finds you well
We are pleased to share I owe you an apology
for the delay. Due to unforeseen
The report took longer because I rewrote it
twice three times. Section 2 still needs you.
too formal? say it plainly
Thank you for waiting. Best regards D.
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Author’s Note

This  book  grew  out  of  my  doctoral  research  at  Daystar  University  in
Nairobi.  The title  comes from a market that has grown up around AI
writing tools: products whose whole purpose is to make machine-written
text sound more human. If such products sell, readers must be noticing
something. I wanted to find out what.

Sixteen professionals working in Nairobi helped me answer that ques‐
tion. They read two versions of the same workplace email, one written by
me and one by ChatGPT from the same facts, and talked about what they
noticed and what they trusted. Only afterwards did they learn which was
which. This book is built on what they said. I have quoted them exactly as
they  spoke,  hesitations  included,  because  the  way  people  reached  for
words was often part of what they were telling me. Where I have left out
part of what someone said, the gap is marked […].

The participants appear as P1 to P16. I promised them anonymity, so
nothing here links a quotation to a person, an organisation or a role.

Turning a dissertation into a book meant changing its order and its
voice. The six themes from the analysis now give the book its chapters,
and each chapter ends with what the finding means for anyone who writes
at work. The literature review and the methods have been folded into the
chapters,  and  a  plain  account  of  how  the  study  was  done,  with  both
emails in full, is at the back. The “In Practice” notes in each chapter draw
on the study and on wider research into machine-written text.

Sixteen people in one city may not tell us how common these views
are, but they can show, in detail, how a reader makes sense of a message
they suspect a machine wrote, and what a writer can do about it.

William Dekker
Nairobi, 2026
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I N T R O D U C T I O N

Did a Person or Machine
Write This?

A Message About a Lost Account

One afternoon, just before a weekend, a team leader at a communications
agency in Nairobi learns that the agency has lost  its  largest  client.  The
Sankara account has gone to a competitor, and the decision came down to
price. The team worked hard on the pitch. Someone now has to give them
the bad news, look after them, and point them to the next step, a team
meeting on Monday.

I wrote that message twice, in a sense. The first version I wrote myself,
as I would have written it in my own work as a communications specialist.
It opens with “Good afternoon team,” and it is short. It says the agency
has heard from Sankara that its bid to keep the account has failed, and
that  the  work  is  going  to  another  agency.  It  names  a  colleague,  Asha,
whose pitch was strong. It says the full feedback has been requested and
will be shared. It proposes a meeting on Monday at 9, wishes everyone a
restful weekend, and is signed with a first name only: “Best, Siddondo.” It
runs to 147 words, including the greeting and the sign-off.
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The second version came from ChatGPT, a tool many readers of this
book will have used themselves. I gave it a prompt carrying the same facts:
the account lost, the price, the strong pitch, the Monday meeting. I asked
it to keep the message professional. It opened with “Dear Team,” and its
first sentence read: “I am writing to inform you that we have received con‐
firmation this afternoon that the Sankara account has been awarded to an‐
other agency.” It  thanked the team for their “hard work, commitment,
and professionalism”, told them that “While we cannot change the out‐
come, we can control how we respond,” encouraged everyone to remain
positive and focused, and closed with “Kind regards, Siddondo P. A.” It
ran  to  222 words,  half  as  long  again  as  mine,  in  five  body paragraphs
where mine had three.  Somewhere in the third paragraph the tool had
placed a long dash.

Both messages are competent, and neither contains an error of fact.
Yet when sixteen working professionals in Nairobi read the two side by
side, without being told which was which, most of them soon formed a
view about which one a person had written and which one a machine had
produced, and the groups largely agreed. Some of them could say why.
Others knew before they could explain it.

That  second  experience,  knowing  before  explaining,  is  where  this
book begins. One participant described it from ordinary working life, be‐
fore the two messages had even appeared on the screen: a colleague’s email
arrives, and before the reading is properly under way, you already doubt
that the colleague wrote it.

Most people who work with email will recognise that moment. You
may not be able to point to the sentence that gave it away, and you may be
mistaken. But the question has formed, and it is a new question for most
of us at work: who wrote this?

Why the Question Now Matters at Work

For most of the history of professional writing, the question had an easy
answer. Senior people have long had speechwriters, and I have been one.

M AKE IT  SOUND HUMAN
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But the reader could assume that a person who knew the people being
written to had chosen the words. That assumption has weakened quickly.
By 2024, three in four knowledge workers around the world reported us‐
ing AI in their daily work, and writing help was among its most common
uses.1

The tools write well, by most measures. In a study of 887 working pro‐
fessionals, Coman and Cardon found that AI-generated workplace mes‐
sages were rated as professional, effective, efficient, confident and direct.2

In a related study, however, Cardon and Coman found that only 40 to 52
per cent of professionals saw their supervisors as sincere when those super‐
visors used a high level of AI assistance, against 83 per cent when the as‐
sistance was low.3 Yet readers are poor at spotting machine text: in experi‐
ments with 4,600 participants, Jakesch and colleagues found that people
relied on cues the machine produced just as readily.4 Competence holds,
and something to do with sincerity and care is at risk.

Studies like these record a rating on a scale. They cannot tell us what
the moment of doubt is  like for the person reading,  what they notice,
what they decide about the sender, or what they do next. Managers, com‐
munications teams and HR departments are already deciding when to use
these tools with little evidence of what those decisions cost them with the
people they write to. A message that is believed but not trusted still does
some of its work. It may not do the part that matters most when the news
is bad.

The study behind this book asked readers directly. Its purpose was to
explore how people make sense of professional messages they believe were
written by AI, and how that belief shapes their sense of whether the mes‐
sage is authentic and whether the sender can be trusted. I chose the city
with care.

Why Kenya, and Why Nairobi

Kenya is a good place to study how readers respond to messages they think
AI wrote. In July 2025, a global digital report found that 42.1 per cent of
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Kenyan internet users aged 16 and over had used ChatGPT in the previ‐
ous month, which placed Kenya first in the world.5 The same year, the
government  published  a  National  AI  Strategy  for  2025  to  2030  that
names trust as a foundational goal, without saying what that trust means
in practice.6

Nairobi is  Kenya’s capital  and its  main centre of corporate,  govern‐
ment, non-governmental and media work. A professional there may draft
a report in formal English, discuss it with colleagues in a mixture of Eng‐
lish and Kiswahili,  and sign off a quick message in a  register  that  only
people in that office would recognise as theirs. Office English in Nairobi
has habits, courtesies and borrowings of its own, and a reader who knows
them can hear where a message comes from.

This matters because a language model writes by predicting likely next
words, and so leans towards the most common choices. In an experiment
with Indian and American writers, Agarwal and colleagues found that AI
writing suggestions moved people’s writing towards Western styles and re‐
duced the markers of their own cultures.7 In the dissertation I called this
pull  linguistic  mean reversion:  the  flattening of  an individual  voice  to‐
wards a statistical average. For a Nairobi reader, that average is not neutral.
It is weighted towards the writing that dominates the tools’ training ma‐
terial, which is overwhelmingly English and largely drawn from Western
internet platforms.

African communication scholars have long argued that theories built
elsewhere fit this continent poorly.8 Langmia and Haddad Nunez describe
African communicative practice as placing weight on communal interac‐
tion, on accountability to the people addressed, and on the presence of the
speaker in what is said.9 On that reading, a person’s voice shows that they
are present, that they answer to their audience, and that they think the
audience worth their attention. I use this scholarship as a lens on Nairobi
workplaces. It does not describe how everyone on the continent commu‐
nicates, and the study treated whether it held for these readers as some‐
thing to find out.

M AKE IT  SOUND HUMAN
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Abdulhamid and colleagues found small business owners and staff in
Kenya  and  Nigeria  describing  editing  generative  AI  output  so  that  it
would sound like them, and said the tools carried a Western bias that did
not fit their customers or their way of speaking.10 Those were writers talk‐
ing about their own text. Nobody, as far as I could find, had asked Kenyan
readers what they experience when a message they receive seems to have
come from a machine.

The risk is a flattened global register: messages that are fluent, polite
and correct, and that could have been sent from any office in any country
by anyone. For a reader whose sense of a real person in a text was formed
in a different tradition, that register may remove the signs they look for. I
held this as a possibility to examine, and the study makes no claim that
African readers feel  the loss more sharply than anyone else,  because no
comparison was made. One participant, answering a question I put to the
group, said they would miss “that African touch” if it went, and Chapter
1 reports such accounts with the care they need.

Cues That Are Hard to Fake

To think about what a reader is looking for, I drew on the study of online
communication. Joseph Walther spent much of his career showing that
people form impressions of  each other from text  alone.  Without faces,
voices or gestures, readers pay closer attention to whatever is left: word
choice,  sentence  habits,  courtesy,  the  small  features  of  how  someone
writes.11

Online, though, people control how they present themselves, so how
does a  reader decide what to believe? Walther and Malcolm Parks pro‐
posed what they called the warranting principle: readers give more weight
to information the person could not easily have manipulated, and less to
information they could.12 A claim such as “I care deeply about this pro‐
ject” costs nothing to write, and readers discount it. David DeAndrea later
sharpened the idea: the harder a piece of information is to fake, the more
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it is trusted, and the difficulty has two parts, the effort it would take and
the access it would require.13

The principle was developed for social media profiles, dating sites and
the like, where the question is whether a person is presenting themselves
truthfully.  AI writing adds an earlier  question.  Before a  reader can ask
whether the sender is sincere, they now have to ask whether the sender
wrote the message at all. The study applied the principle to that question,
and proposed an extension of it.

The extension is that the small, involuntary habits of a person’s writ‐
ing work as a warrant of authorship. Everyone who writes regularly has
them: a favourite phrase, a way of opening, a punctuation habit, a tend‐
ency to keep sentences short, a turn of local idiom. These habits are hard
to fake on both of DeAndrea’s counts. They take effort to imitate, and
they depend on access to something only that writer has, which is their
own history with language. When a reader finds those habits in a message,
they have evidence that a particular person wrote it. A message that is flu‐
ent, correct and unremarkable may still be accurate, but it offers nothing
that connects it to anyone.

Two qualifications came with the extension, and both turned out to
matter. A habit can only work as a warrant for a reader who knows it: if
you have never received an email from me, my habits mean nothing to
you. For such readers, I proposed, the texture of a text might still signal
that some person, as opposed to a process, wrote it. And the signs of a real
person are learned within a culture, so a warrant only works for a reader
equipped to read it.

The study also drew on an older expectation, which I called the com‐
municative  effort  contract.  The  philosopher  Paul  Grice  observed  that
people in conversation assume a shared effort at cooperation, and Sperber
and Wilson added that when someone asks for our attention, they impli‐
citly promise that our effort in reading will be repaid.1415 The effort con‐
tract is my label for that expectation at work: that a sender has put in ef‐
fort in proportion to the attention they ask for, and that this effort is a
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sign of regard. It turned out to describe a good deal of what participants
said.

F I G U R E  1  What a reader can check 

EASIER TO FAKE →  HARDER TO FAKE 

EASY FOR ANY WRITER, OR ANY
TOOL, TO PRODUCE 

A claim about yourself: “I care deeply
about this team” 

A warm greeting and a polite sign-off 

Smooth, correct, well-organised prose 

HARD TO PRODUCE UNLESS YOU
ARE THE PERSON 

A colleague’s name and what they did 

Your own habits and slips: the dots you
always use, a word dropped in haste 

A fact about someone’s life that only
those close to them would know 

Readers give more weight to cues the sender would find hard to fake. The examples on the right
are the ones participants in this study relied on. 

How the Study Worked

The study was qualitative, aiming to understand experience rather than
count it. Sixteen professionals took part, all based in Nairobi, each with at
least three years of professional, academic or institutional experience, each
reading professional communication in English as part of their work, and
none working as an AI researcher or developer. They came from private,
public, intergovernmental, non-profit, faith-based, academic, professional
services and health organisations. Nine were men and seven were women.
They appear only as P1 to P16, and I do not link any code to a job, sector
or organisation, because in a sample this size those details could identify
someone.

They met in four online focus groups of four people each,  on Mi‐
crosoft Teams, over four evenings in July 2026. I moderated every session,
and each ran for about an hour and a half. Participants first talked about
their everyday experience of professional messages and AI writing tools,
then  read  the  two  Sankara  messages,  unlabelled,  and  responded.  Only
after their first judgements did I tell them which message I had written
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and  which  came  from  ChatGPT,  and  we  then  explored  whether  that
changed their reading.

The two messages share the scenario and the core facts, but they differ
in more than authorship: length, structure, formality, a named colleague,
a promise of feedback, a first-name signature. I did not control those dif‐
ferences, so participants’ reactions cannot be read as a clean measure of the
effect of machine authorship. They are better read as what happens when
experienced readers compare two plausible ways of writing the same hard
message. Three groups saw my version first and one saw the machine’s
first, too few to say anything about order. I stopped at four groups be‐
cause the fourth added detail without opening anything new.

The analysis used interpretative phenomenological analysis, a method
built for understanding how people make sense of an experience. I built a
separate account for each of the sixteen, which produced 250 experiential
statements and 73 personal themes, and only then looked across the cases.
Six shared themes emerged, two for each of the study’s three questions. I
also traced how views moved around each room, and where a participant
only agreed with someone else, or took up a word of mine, I did not count
that  as  an independent view.  Eight  participants,  two from each group,
read their individual accounts afterwards and confirmed them as fair.

The interpretation is partly mine. I wrote one of the two messages and
ran the sessions, so I kept a reflexive journal and logged my own turns in
the transcripts to trace where my words reappeared in what participants
said. Where a theme depends on something I introduced, I say so.

How the Book Is Arranged

The six themes give the book its first six chapters. The first three follow
the order of  what a  reader does:  noticing,  weighing and deciding.  The
next three turn to the conditions around that judgement.

Chapter 1, “The Hand in the Text”, shows that participants knew a
person by small habits and details only that person could know, and knew
the machine by its excess. Chapter 2, “The Ledger of Effort”, shows that
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readers judged effort by the attention paid to them and their situation far
more than by length or time spent. Chapter 3, “Written to Me, or Written
at Me”, follows a distinction that ran through the sessions: a reader can ac‐
cept everything a message says and still withhold trust from the sender, be‐
cause the use of AI reads as a judgement about how much the reader mat‐
ters.

Chapter 4,  “When Authenticity Matters,  and When It  Does Not”,
shows that the demand for a human hand depended on the stakes, the re‐
lationship and the kind of message, and some documents owe the reader
nothing personal at all. Chapter 5, “Prosecuting From the Dock”, finds
that  many participants  who criticised AI writing in  others  also  used it
themselves, and their standard had shifted from writing a message yourself
to standing behind it. Chapter 6, “A Warrant With an Expiry Date”, asks
how long any of this can last, since the clues worked only for a reader who
knew the sender or had a comparison to hand, and may weaken as the
tools learn them.

Chapter 7, “What Writers, Teams and Tool Makers Can Do”, turns
the argument into practical  advice for writers,  for organisations setting
rules about AI, and for the people who design writing tools.

The Appendix, “How This Study Was Done”, gives a fuller account of
the method and both Sankara messages in full, so that you can reach your
own verdict before turning to theirs.
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C H A P T E R  O N E

The Hand in the Text
Readers recognise a person by small habits and personal
details, and a machine by too much length, polish and
reassurance.

When  P16  tried  to  explain  how  a  person  shows  up  in  a
piece of writing, they went back to school: “before the era of the internet,
we  used  to  have  handwritings.  Whether  in  high  school  or  in  primary
school, we used to know how our colleagues used to write.” Nobody in
that classroom had studied anyone else’s handwriting. They simply knew,
the way you know a voice on the phone before the caller has given their
name.

I have come back to that image more often than to any other in the
study. We read the people we work with before we read what they are say‐
ing. Most of the time that sense confirms what the sender’s name already
told us, so we never notice it working. It becomes visible only when the
name at the top says one thing and the prose says another.

Fourteen of the sixteen participants, across all four groups, described
some version of this sense. Several prized small errors,  many looked for
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names, and one read messages aloud to hear whether anything natural sur‐
vived. The machine, for its part, was recognised by its generosity.

Readers Sense It’s AI Before They Can Say Why

Recognition came first, and the explanation, if it came at all, came after‐
wards. P5 put the moment of doubt before the reading had properly be‐
gun:

you just say, no, this is not [colleague’s name]. Even if the person has not re‐
quested for any help. But maybe just the way the way the message has been
constructed, you’ll say, I doubt if this one is [colleague’s name] before you
start your conversation

P5 was certain about the conclusion and vague about the evidence: the
doubt is settled, and the reason arrives with a “maybe” and a stumble.

P15 met the same gap from another direction. Their professional Eng‐
lish did not give them a word for what they had seen, so they reached into
Kiswahili: “the setback is disappointing. Then we have a  kanini there. a
punctuation mark there. It is just AI language.”  Kanini, a Kiswahili di‐
minutive, did the naming first, and the English followed. The perception
had run ahead of the vocabulary available for it.

P7 cited particular words in the machine-written message as proof of
its origin, then went back to find them and could not. “There are many
words which I saw here, why am I not seeing them now?” they asked. The
verdict did not change. The judgement had already been made, and the
evidence was being called in afterwards to support it.

People are often right about things they cannot explain, and with both
messages in front of them, participants were generally correct about which
one the machine had written. It does mean the cues they named, which
fill the rest of this chapter, are best read as explanations built after the re‐
cognition had happened. They may not be the whole of what produced it.

Larger studies give reason for caution. Jakesch and his colleagues, in
experiments  with  thousands  of  participants,  found  that  the  rules  of
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thumb people use to tell human from machine writing often fail.1 Fiedler
and Döpke found that when machine-written academic text was polished
to a professional standard, fewer than one in five evaluators identified it
correctly.2 I return to this tension later in the chapter.

Signs That a Person Wrote It

The first surprise was how much participants valued mistakes. Three of
them, in separate sessions, treated imperfection as the strongest evidence
of a human author available to them.

P5 let the error settle the question: “Because it has some bit of gram‐
mar errors, but then it’s like, it’s okay. That one is what the person has
written personally from his end or from her end.” In P7’s account the er‐
ror went further, producing a relation between writer and reader: “I also
saw some grammar issues on the first one, which shows that the message
came from somebody, it has some sort of connection.” P6 made the trade
explicit: “I just told myself I want to relate with this first e-mail despite a
bit of grammar issues. I don’t care. I want to have this personal message.”

P6 saw the errors and chose the message anyway, exchanging correct‐
ness  for  presence  knowingly.  For  anyone  who  corrects  other  people’s
drafts, the tidying we are trained to do can remove what tells a reader that
a person was there.

P12 supplied the reverse case, a colleague who writes without greeting
or sign-off: “when I get an e-mail from him where he starts with greetings
and then he goes to go deeply into explanations, then I can easily tell that
this is an AI generated Text.” Here the courtesy is the anomaly. The mes‐
sage is better by any ordinary standard, and that is what gives it away.

Put next to the accounts of error, this shows what participants were
reading for: consistency with a person they knew. An improvement was as
noticeable a departure as a decline.

The second thing participants looked for was the particular: the detail
only someone present could have supplied. The proper name came up in
every session.  The message I  wrote for  the study credits  one colleague,
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Asha, and the team with the pitch; the machine’s version names nobody.
P1 located the whole difference there:

there is specificities like […] Asha and the team put together was strong, you
know? […] The second e-mail is a bit general. Yeah, I don’t know if, I can’t re‐
member reading any name that has been mentioned

P15 agreed: “the introduction of the name Asha, that Asha, you did this,
this and this, it looks way personal.” The prompt I gave the machine car‐
ried only the core facts, without Asha, so the comparison cannot separate
the effect of authorship from the effect of the name itself. It does show
how much weight readers placed on a single name, and that the machine,
working from a brief, had no colleague to name.

P9 found the same kind of evidence at the smallest scale, in a word
that had gone missing. My message begins “Just wanted to let you know,”
without the “I.” P9 noticed: “just wanted to let you know. It dropped the
I, so there’s no I,  just just wanted to so you know. AI will  never write
that.” A dropped pronoun is a shortcut people take in a quick note to a
team, and a system trained to produce complete, correct sentences does
not offer it by default.

P13 told a story that showed the same principle outside the study’s
two texts. A message had arrived, apparently from a colleague, asking for
money: “this colleague was asking me for money. They’ve never asked me
for  money  […]  And  I  knew  very  well  this  colleague  does  not  have  a
spouse.” Whoever wrote it could imitate a tone, but did not know the
facts of the person they were pretending to be. Such particulars are cheap
for anyone who already holds them and expensive for anyone who does
not, an asymmetry I return to at the end of the chapter.

Handwriting, Dots and the Sound of a Voice

P16’s handwriting image gathers these observations into one idea. Hand‐
writing is formed by habit, stable over time, recognisable to people who
never studied it, and very hard to produce on purpose. When P16 carried
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the analogy from the pen to the screen, they were placing authenticity in
something a writer does not deliberately produce and cannot easily fake.

P10 described being known by such a mark: “Like me, I know people
know my message because I use the dots A lot. […] So everybody will just
say this is P10’s message because of the dots.” This account comes from
the writer’s side: P10 knows the habit identifies them. It is a small quirk of
punctuation, the kind of thing a style guide would correct and an editing
tool would smooth away, and to P10’s colleagues it works like a signature.

P8’s example came from speech. The participant described East Afric‐
an colleagues who say a word their own way “shamelessly and with a lot of
confidence,” and imagined the alarm that would follow if one of them
suddenly spoke differently. Pronunciation, like handwriting, is formed by
a  particular  history,  and when it  changes  without  warning,  the  people
who know you notice before they can say why.

P4 had a method for testing whether such a mark was present, and had
already been using it on the study’s messages: “if you read it out loud, if
you were to read it, that’s actually why I was reading it out loud, just to
see, just to bring out the, where is the natural part of it.” A message that is
truly someone’s will sound, read aloud, like a person talking.

The dots, the dropped “I”, the way a colleague pronounces a word, the
shape of a classmate’s letters: none of these is a decision, and that is what
makes each of them worth something to a reader. Machine-generated text,
as my participants experienced it, does not carry them.

An African Touch

For four participants, the mark of a person was culturally located, in local
idiom  and  in  the  ways  professional  English  is  spoken  and  written  in
Nairobi.  This is  one of the findings I care most about, and one of the
most limited.

P10 named a quality they had not previously had reason to name, and
framed its loss as something they would mourn: “there’s that Africanism
in terms of… how they use some words and even sometimes they even add
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their own local language,” and, a moment later, “I would miss that Afric‐
an touch.” P10 offered this in answer to a direct question from me about
African communication, and a moderator’s  question can shape the an‐
swer it receives.

P8’s account came unprompted and was sharper. Their image of be‐
trayal involved a colleague who “started twanging or speaking like a white
person.” The words are blunt, and they place the concern within a longer
history of borrowed prestige registers.  P15’s  kanini belongs here too: a
Kiswahili  word pressed  into  service  to  convict  an  English  punctuation
mark of being machine-made. The cultural resources a reader brings are
part of how they read.

I read these as accounts of four participants’ own workplaces, not as
evidence about African communication in general. They do connect to
something wider research has begun to document. Agarwal and colleagues
found  that  AI  writing  suggestions  move  text  towards  Western  stylistic
conventions and reduce the markers of individual and cultural distinctive‐
ness.3 Sourati and colleagues found that when machines rewrite text, most
of the meaning survives while the traces from which a reader could infer
something about the author are degraded, and that the shift has a direc‐
tion.4

If the cues that tell a reader “a person wrote this” are learned within a
culture, as African communication scholars have long argued about voice
and presence,5 then this homogenising may not fall evenly. It may remove
the very cues a Kenyan reader relies on while leaving the text fluent in a re‐
gister that reader does not hear as anyone in particular.  Writing in  The
Guardian,  Shariatmadari  reported the term “cultural  ghosting” for  the
way these  systems  correct  established non-Western  professional  English
into a standard its writers did not choose.6 I make no claim that the effect
is worse for African readers than for anyone else; no comparative evidence
exists for that. What my participants offer is a first-hand account of what
the loss might feel like from inside a Nairobi office, and P10’s word for it
was “miss.”

M AKE IT  SOUND HUMAN
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I N  P R AC T I C E :  P R O T E C T  YO U R  O W N  E N G L I S H

When you ask a writing tool to polish a draft, read what it changed before you ac‐
cept it. Research on AI writing suggestions finds that they pull text towards West‐
ern conventions and away from the usage that marks where a writer is from.
Check that the tool has not “corrected” phrasing that is ordinary and correct in
Kenyan or wider African professional English, and that it has kept British spelling
(organise, programme, judgement). The participants in this chapter heard their
colleagues in these details. A tool that removes them removes the reader’s evidence
that you wrote the message.

The Machine Gives Too Much

The machine’s marks, in my participants’ accounts, were large and organ‐
ised, and most of them came from excess.

P15 saw the scaffolding through the prose:

it looks so structured. It follows a specific structure. To communicate the bad
news, show a bit of empathy, motivate the group, explain what are the next
steps, close politely

Every step is something a communications trainer might recommend. The
problem for P15 was that the steps were visible, and the template under‐
neath showed that nobody had needed to think about this particular team
on this particular afternoon.

P4 registered the same excess as a surface placed in front of something,
repeating a phrase as they spoke: “there’s no shortening of phrases. Like
it’s  picture  perfect.  It’s  picture  perfect.  It  just  creates  a  […] facade.”  A
phrase a person would shorten when writing to colleagues had been left at
full length, and the completeness read as something put up for show.

P14 found comfort turning into alarm, describing the machine’s mes‐
sage as “too reassuring to an extent that it’s almost trying to, you know,
make the team feel like it’s the end of the world.” The consolation inflated
the loss it was consoling.
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P5 identified the pattern at the level  of the sentence. The machine,
they said, “will mention for you things, a number of them, two, three at
once,” where a person “will just mention one thing as you move on.” The
machine’s version of my message thanks the team for their “hard work,
commitment,  and professionalism,” and praises  their  “talent,  creativity,
and dedication.”

In each of  these  accounts,  generosity  reads  as  failure.  The machine
supplied more warmth, more structure and more reassurance than the oc‐
casion  required,  and  the  surplus  gave  it  away.  My  message  ran  to  147
words; the machine’s, written from a prompt with the same core facts, ran
to 222. Research on machine-written text describes the same tendencies in
general  terms:  more formulaic language,  more consistent grammar,  less
variety,7 and an emotional tone pulled towards the positive and agreeable
at the expense of doubt, frustration and the other registers people actually
feel.8

The machine’s version of my message contains a dash in its third para‐
graph, produced by the tool and not added by me. In two sessions, parti‐
cipants treated a punctuation mark of this kind as evidence of machine
authorship, and P15’s kanini was one of them. Yet the dash, like the list of
three and the polished cliché, is an old feature of human prose. Hardaker,
quoted  by  Shariatmadari,  observes  that  most  people  identify  machine-
written text correctly only around sixty per cent of the time, and describes
the  cues  they  rely  on  as  simplistic  rubrics  applied  indiscriminately.9 A
reader who convicts a message on a dash may be right about that message
and wrong about the next one.

Jakesch and his  colleagues  found that  people  associated first-person
pronouns, informal contractions and references to family with human au‐
thorship, even though machine-written text contained these features just
as often.10 My participants reached for cues of this kind, and on that evid‐
ence their rules of thumb should have failed. With both texts in front of
them, they mostly did not. Three reasons are possible, and the data do not
let me choose between them: a comparison made the difference visible in a
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way an ordinary inbox would not, as one participant pointed out; the ma‐
chine’s message was a single system’s default response to a brief instruc‐
tion, the most patterned form such text takes; and participants were read‐
ing a kind of message they write every day. Readers attending closely, with
a comparison available, in a familiar genre, told the two apart consistently,
and explained their judgements with cues that other research has found
unreliable.

F I G U R E  2  The message I wrote, as participants read it 

Good afternoon team, 

I hope you are well. Just wanted to let you know 1  that we have just heard from
Sankara on our bid (reapplication) that they will be proceeding with another
agency. I know this is a blow to many of us in the team who put in a good effort on
this account, and definitely it would have been nice if we kept it. The pitch Asha
and the team 2  put together was strong, and from what I understand so far it
came down to price. I have requested the full feedback so that we can see what to
improve on for next time, and I’ll share it once it comes. 

I propose we meet on Monday at 9 to regroup and talk through what each of us
picks up next. 

Have a restful weekend, and we’ll take it from there on Monday. 

Best,
Siddondo 

1 “It dropped the I, so there’s no I, just just wanted to so you know. AI will never write
that” (P9) 

2 “the introduction of the name Asha, that Asha, you did this, this and this, it looks way
personal” (P15) 
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F I G U R E  3  The message ChatGPT wrote, as participants read it 

Dear Team, 

I am writing to inform you that we have received confirmation this afternoon that
the Sankara account has been awarded to another agency. Unfortunately, despite
the strong pitch prepared by our team, the renewal decision was based primarily
on price. 

I understand that this news may be disappointing. I would like to thank each of you
for the hard work, commitment, and professionalism 1  you demonstrated
throughout the pitching process. Although we were unsuccessful in retaining the
account, the quality of our proposal reflected the high standards of this agency. 

While we cannot change the outcome, we can control how we respond. This
setback is disappointing—but 2  it does not diminish the talent, creativity, and
dedication that each of you brings to the agency. I encourage everyone to remain
positive and focused. 3  Although losing an important client is challenging, it also
presents an opportunity for us to reflect, learn, and continue delivering excellent
work for our existing and future clients. 

To discuss the way forward, we will hold a team meeting on Monday at 9:00 a.m.
During the meeting, we will regroup, review our priorities, and reassign work
where necessary to ensure a smooth transition. 

Thank you for your continued dedication and cooperation. I appreciate your efforts
and look forward to working together as we move forward. 

Kind regards,
Siddondo P. A. 

1 “will mention for you things, a number of them, two, three at once” (P5) 

2 “the setback is disappointing. Then we have a kanini there. a punctuation mark there. It is
just AI language” (P15) 

3 “too reassuring to an extent that it’s almost trying to, you know, make the team feel like it’s
the end of the world” (P14) 

• On the whole: “it looks so structured. It follows a specific structure” (P15); “It’s picture
perfect” (P4) 
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I N  P R AC T I C E :  C O U N T I N G  T H E  E XT R A S

The participants caught the machine by its surplus. In the drafts I edit, most of
that surplus comes from a handful of habits. Items are grouped in threes for
rhythm, as in “hard work, commitment, and professionalism”. Opposed adject‐
ives are paired for effect: “small but meaningful”, “simple yet profound”. A short
line is added at the end of a paragraph to underline a point the paragraph has
already made. Mark each one in your draft. Keep a list of three only when every
item is true and specific, and allow yourself one per page. Replace the adjective
pairs with what actually happened, and fold the underlining line into the sentence
before it or cut it.

Why the Small Things Carry Weight

Two accounts run against the picture I have drawn.
P13’s trust rests on the institution. For this participant, a message is

genuine when it follows shared conventions: a house font everyone uses, a
copy list  that  is  respected,  “patterns  that  have been cultured over  time
amongst colleagues.” Conformity, for P13, is the mark of the real thing,
and  a  stranger’s  email,  belonging  to  no  group  they  know,  offers  them
nothing to read.

P12 inverted the tempo the rest of the chapter assumes. Most parti‐
cipants saw the person as the one who takes time and care. P12 saw it the
other way round: “as humans, we like to get straight to the point. finish
things fast.” For P12, the machine’s tell is that it lingers, and a person is re‐
cognised by their impatience.

Both readings still check a message against a known pattern: an institu‐
tion’s in one case, a busy person’s pace in the other.

Walther  and  Parks  observed  that  when  people  present  themselves
through a screen, they have unusual control over the impression they give,
so a receiver learns to trust information about a person in proportion to
how hard it would be for that person to fake.11 They called this warrant‐
ing. A claim such as “I care deeply about this team” costs me nothing to
write and carries little weight. Something that would take real effort or
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special access to produce carries more. DeAndrea later broke this difficulty
into two parts: the effort it would take to fabricate a piece of information,
and the access a person would need to produce it at all.12

My participants applied this reasoning without using the word. The
cues they trusted required access they could check: a colleague’s name in a
message  about  that  colleague’s  work,  a  fact  about  someone’s  family,  a
shared history. The fraud P13 described collapsed on a detail of domestic
life the sender could not have known. The cues they distrusted were the
ones  anyone  can  produce,  a  machine  included:  fluency,  structure  and
courtesy.

The study’s proposal is that a writer’s idiosyncrasies belong with the
trusted cues. The dropped “I”, the dots, the particular grammar slips, the
habit of saying one thing and moving on, are high in both effort and ac‐
cess, because they come from a particular person’s history with language.
Participants themselves noticed that a system can be instructed to add er‐
rors, so I do not claim these marks are impossible to fake. I claim they are
expensive  to  fake  well,  and cheap for  the  one  person who already  has
them. When a text  is  fluent,  correct  and stylistically  unremarkable,  the
reader has nothing that ties it to a particular life. I call that condition war‐
ranting failure: the cues that link a text to a person are simply absent.

This explains why the machine-written message could be judged com‐
petent and still be rejected. Coman and Cardon, surveying close to nine
hundred working professionals, found that AI-generated workplace mes‐
sages were rated well on every functional measure, while perceptions of
sincerity and caring fell  when AI authorship was disclosed.13 My parti‐
cipants described the same split from the inside: they mostly accepted the
machine’s quality, but were looking for evidence that a particular person
had made it, and could not find any.

These are sixteen people in one city, reading one kind of message, with
a comparison to hand, and their accounts describe experience, not how of‐
ten anything happens. The warrant they describe also depends on a reader
equipped to read it. A colleague who knows your dots will notice when
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they disappear; a stranger has no baseline. That condition, and the possib‐
ility that these cues will stop working as the tools learn them, is the subject
of a later chapter.

What This Means for the Writer

The first lesson is to keep the particulars. The features that convinced my
participants were the ones a machine could not supply from a brief: a col‐
league’s name attached to what that colleague did, a reference to some‐
thing the team shares, an honest account of what is not yet known. If you
draft with assistance, put these back by hand, since a tool is least likely to
offer  them.  A  message  that  names  Asha  tells  the  team  that  the  writer
knows who did the work, and no amount of thanks addressed to “each of
you” can say the same.

The second is to be slower to correct your own habits than your train‐
ing may suggest.  Participants valued small  errors,  characteristic punctu‐
ation and the shortcuts people take when writing to colleagues, because
these were the marks of a person they knew. In many documents accuracy
matters most. But when a message is meant to come from you, especially
when it carries news that affects people, the smoothing that editing tools
perform can remove what tells your readers you were there. If your col‐
leagues know your message by its dots, think twice before letting a tool
take them out.

The third is to watch for excess. Participants recognised the machine
by what it added: the visible template, the extra paragraph of reassurance,
the list of three virtues where one would do. Before sending anything draf‐
ted with help, read it aloud as P4 did, and listen for the places where no
person would talk like that. Cut the sentences that explain what the reader
already understands, and match the length to the occasion. In the study,
the shorter message was the one readers believed.

The fourth is to remember that consistency is what your readers are
checking. In P12’s account, a sudden politeness betrayed the machine. If a
tool  makes your messages  sound unlike the ones you usually  send,  the
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people who know you will notice the change, even if they cannot say what
it is. Their judgement will arrive before their reasons, as it did for P5 and
P7, and once formed it is unlikely to move.

Finally,  your voice carries  more than you may realise,  including the
local idiom of the place you write from. Some of my participants feared
losing the African touch in their  colleagues’  messages and recognised a
borrowed register as a kind of departure. If you write professional English
in Nairobi, the ways it differs from a standard model are worth keeping
where they come naturally. For the colleagues who share them, they are
part of how you are recognised.
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C H A P T E R  T W O

The Ledger of Effort
Readers repay a writer’s effort with their attention, and
withhold it when the effort seems missing.

Partway  through  the  second  of  the  four  discussions,
P6 turned the conversation back on the group. The four participants had
read both versions  of  the  message  about  the  lost  Sankara  account  and
agreed on which of the two had cost its sender anything. P6 wanted to
know what that agreement rested on:

one is long, but we’ve unanimously agreed that there was no effort […] The
other one was short, But all of us can agree that so much has gone into it.
What is that so much? (P6)

P6 pressed the point later, asking “what do we mean those invisible ef‐
forts? that go into a piece of communication that end up being of priority
or of preference or of importance to the recipient”. It was a fair question,
because the two texts on the screen seemed to argue the other way. The
message I had written was 147 words long, in three short paragraphs. It
said the account had gone to another agency on price, that the pitch Asha
and the team had prepared was strong, that I had asked for the full feed‐
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back and would share it, and that we would meet on Monday at 9. The
version ChatGPT produced from the same facts ran to 222 words in five
paragraphs. It thanked the team for their “hard work, commitment, and
professionalism”,  encouraged  everyone  to  remain  positive  and  focused,
and called the same meeting. By any count you could run on the page, the
second message contained more.

P6 answered the question with an arithmetic that runs backwards: “If
you write one statement […] I’ll be more connected to it. And I’ll take it as
if you had so much effort. Then you write 3 pages that I feel like this is not
you.” The more a message contains, the less the reader believes went into
it.

Eight of the sixteen participants spoke about effort, and their accounts
form  a  single  picture.  They  judged  effort  by  the  attention  a  message
showed to them and to the situation, and not by length or by the time
they imagined the sender spending at a keyboard. They kept that judge‐
ment apart from whether the sender meant what they said. And some de‐
scribed adjusting their own effort to match. I call this the ledger of effort.
The image is mine; the accounting belongs to the participants.

Effort in the Thinking

P16 answered P6’s question by splitting the word in two:

Of course, effort in terms of the energy expended in the drafting or in the
thinking (P16)

Drafting is  the work you do on a text:  choosing words,  building para‐
graphs, checking the grammar. Thinking is the work you do on the situ‐
ation: what has happened, who will read this, and what they need. A ma‐
chine can now do almost all of the first. The question is whether anyone
has done the second.

P16’s group was the one that saw the machine-generated message first,
so for P16 the second email was mine. P16 reached a conclusion that runs
against the obvious reading:
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in the second e-mail, brief as it may be, there is a greater thinking through […]
To me, there’s more effort in e-mail 2 in terms of the desired impact of the
messaging compared to e-mail one (P16)

What P16 found in the shorter text was evidence that someone had con‐
sidered what the message would do to the people receiving it.

P16 could make this judgement because they had already seen through
the longer message to the act that produced it. Before I had said anything
about how either text was made, P16 reconstructed aloud the instruction
they believed had generated the machine version: “He went probably to
ChatGPT and told them, you know, I work for company XYZ. We have
received information from Sankara that a bid was not successful. Draft an
e-mail to the team to convey this outcome.” That guess is close in kind to
the short prompt I had in fact given the tool. Once a reader pictures the
sender typing a few lines into a box, the length of what came back stops
counting as the sender’s work. What remains is the thinking done before
the box was opened, and in P16’s reading there was very little. A long mes‐
sage can be produced without any attention to the loss and what the team
would need to hear, and a short one can be full of it.

In my own work as a communications specialist I have often seen the
opposite assumption: that a longer, fuller message shows more respect for
the reader. When a draft took an afternoon, that was reasonable, because
three  pages  meant  an  afternoon  spent  on  you.  The  participants  had
already stopped making that inference. They knew that pages now cost
nothing, and they looked for the things that still do.

Feeling Before Writing

P10 moved effort earlier still.  In one session I offered a sentence of my
own comparing the effort behind the two texts, which I should not have
done, and I do not treat it as evidence. What matters is that P10 declined
the word I had used:
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Not really effort. It’s not really, okay, I don’t know if you want to call it effort
(P10)

and then worked towards what they meant in its place: “the person actu‐
ally sat down and felt the disappointment and the pain and also thought
through how he’s going to respond to his team and also manage the emo‐
tions around the team.” The sender has two jobs before writing a word: to
absorb the loss, and to think about how the team will absorb it. Neither
leaves a mark on the word count. On P10’s account the obligation is met,
or not, before the writing starts.

P4 read my message the same way,  using their  own capacity  as  the
measure. The text, they said, “makes me feel like even the manager them‐
selves  Is.  disappointed and really  cannot say much at  this  point”.  And
then: “if I was to respond, I would also not be able to write so much be‐
cause  I’m also  disappointed.”  A person who has  just  lost  the  agency’s
largest  client  does  not  usually  have  five  paragraphs  of  encouragement
ready by the afternoon. The short message matched what P4 imagined a
disappointed person could manage, and so it read as written by one.

The  novelist  Jeanette  Winterson,  quoted  in  a  recent  piece  in  The
Guardian, puts the same condition in physical terms. She cautions that
machines “do not share our reality,  not least because they don’t have a
limbic system. Humans cannot have a thought without a feeling”.1 P10’s
requirement is the professional version: before a leader writes about a dis‐
appointment, they are expected to have sat with it.

P8,  speaking  about  messages  from  colleagues,  described  the  failure
case. What a sender hands to a tool is their feeling: “I can always tell that
this person has decided to outsource their feelings to through technology
or to an AI platform. And this is not really them.” P8 also named what
the delegation costs the sender: “You are not learning anything because
you did not write it in the 1st place. So yeah, that for me, in that regard, I
find it unprofessional and lazy.” That last word turns up in the published
research as well.
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P16 found an image for what arrives when the feeling and the thinking
have been delegated: “they respond with echoes and echoes of explana‐
tions and details.  That’s  probably even necessary,  but not very useful.”
P16 allows that the explanations may be correct; the trouble is that they
answer nobody in particular. P16 traced the fault to a “lack of that person‐
al  drive  really  to,  first  of  all,  apply  yourself  to  what  you’ve  been asked
about”, which leaves the reader with “a sense of not only despair, but also
of frustration”.

These accounts separate two questions that are usually asked as one.
The first is whether the sender means what the message says, which is a
question about sincerity.  The second is  whether  the sender  has  looked
closely at this situation and these people, which is a question about atten‐
tion. The machine-generated message is  full  of statements of feeling. It
says  “I  understand that  this  news  may  be  disappointing”,  thanks  each
member of the team, and assures them the setback “does not diminish the
talent, creativity, and dedication that each of you brings to the agency”.
None of the participants in this theme took those statements as evidence
of anything. P4 found evidence of feeling in the shortness of my message,
and P16 found evidence of thought in its “desired impact”.

On my reading, then, a sender can be entirely sincere and still fail the
test these readers apply.  P8’s phrase allows for that:  a  person who out‐
sources their feelings may still have them. What the reader cannot find, in
a message assembled from a brief instruction, is any trace of attention to
this loss and these people.

Less Effort In, Less Goodwill Back

P15 turned the judgement into an account in the literal sense:

surely we are paying, this person is being paid because for me as an account‐
ant, like all this salary we are paying for somebody to just generate something,
a random response via ChatGPT and send to us (P15)
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The example concerned a supervisor, and P15 describes the supervisor’s
work as paid for and not delivered. This is the ledger at its plainest: track‐
ing what a message cost its sender, setting that against what was owed, and
noticing the shortfall. P6 asked what the invisible efforts were, P16 priced
them in thinking, P10 in feeling, and P15 in salary.

The reckoning also changed what readers did. P15 answered withheld
effort with withheld attention: “I didn’t even take time to look at it. I just
ignored it.” Applied to the two texts, a generic message would receive a
generic answer: “responding a generic way. Thank you, this is well noted”.
For the message I had written, “you can put more feelings there, because it
feels like a conversation”.

P7, in the second session, carried the accounting into work not yet
done:

I may not want to put in a lot of effort in this in the other pitch, because after
all, my boss also does not put effort in even giving us feedback (P7)

Of my message, P7 said: “the first one, there was a personalized effort. So
good effort went in.” Of the other: “The second one, I think the boss was
not serious.” Its sender, P7 said, “was just beginning to check a box and
move on”. The next pitch is work the message never mentions, and P7 was
proposing to carry the deficit into it.

P4  described  the  withdrawal  happening  inside  the  act  of  reading.
After  I  had  told  the  group  how  each  message  was  produced,  I  asked
whether that changed anything:

I will probably not read them with so much detail because I know it’s not,
you know, there’s nothing genuine about it. So I would just want to get out
the action items (P4)

The action items serve the reader’s own needs. The acknowledgement and
thanks would have carried the relationship, and P4 proposed to stop read‐
ing them.

M AKE IT  SOUND HUMAN

30



P3, in the first session, reasoned from the sender’s investment to the
significance of the matter:

If this bid was that deep, then you would take your time to send an e-mail to
me that is from you, from your brain. Now, if you generate AI, it means even
me, I shouldn’t be that worried about this bid because it really is not that
deep to even you as a team lead (P3)

P3 takes  the sender’s  effort  as  information about how much the event
matters. A manager who reaches for a tool to save time on a hard message
may find that the team reads the shortcut as a statement about the stakes.

I take these four accounts to be the principal finding of the theme, and
of the study. Perceived effort set these readers’ own spending: on reading
the message, on replying to it, and in P7’s case on later work. In the disser‐
tation I called this readers enforcing a communicative effort contract, the
expectation that a sender invests effort in what they send. The phrase is
mine; the conduct was described by the participants.

These are four people in one city, discussing two texts and reporting
what they had done or said they would do. None of it is an observed effect
on anyone’s work, and P7 said nothing further after I disclosed how the
messages were made, so I do not know whether the disclosure changed
P7’s view. What the accounts offer is a proposed mechanism, seen from
the inside. Whether it happens widely, and at what cost, is a question for
studies built to measure it.

Even so, most discussion of AI writing tools at work counts the time
they save the sender. If these accounts describe something real, part of that
saving is paid back at the other end, in attention the reader withholds.
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I N  P R AC T I C E :  O P E N  O N  T H E  FAC T

Readers looked for signs that the writer had paid attention to them and to the
situation. Sentences that announce what is coming spend the reader’s attention
without giving anything back. The ChatGPT message in this study spends its first
fourteen words telling the team that news is on its way (“I am writing to inform
you that we have received confirmation this afternoon that…”) before it reaches
the news. Delete announcement sentences and open each paragraph on a fact, a
name, a number or an action. It is usually the quickest single improvement to a
draft, and it rarely loses any content.

Where Readers Disagreed

P16 found more effort in the shorter message, so effort cannot simply be
read  off the  page.  P16 reached that  view after  reconstructing  how the
longer message was made, so the judgement rested on a belief about the
act behind the text, and length counted only through that belief. A reader
who had not formed that belief might have weighed the two messages dif‐
ferently, and the study cannot say how.

P10’s  refusal  of  the  word  “effort”  pulls  the  other  way.  The  whole
theme is built on that word, and P10 told me it was the wrong one. What
P10 asked of a sender was emotional work undergone in advance, which is
not work performed on a text, and I have tried to report it in P10’s terms.
Between them, P16 and P10 locate effort in thinking and feeling that hap‐
pen before the first word is written. What reaches the reader is whatever
trace of them the text carries.

What Other Studies Have Found

The philosopher Paul Grice argued that people in conversation assume
each other to be cooperating, and that when a speaker is conspicuously
brief, or conspicuously elaborate, the listener infers something from the
choice.2 A carefully chosen word where a generic one would do signals in‐
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vestment; a message indistinguishable from any other signals that this ex‐
change was not thought worth individual attention.

Dan Sperber  and Deirdre  Wilson sharpened that  idea  into  a  single
principle. They defined relevance as a ratio: what a reader gets out of a
message, set against the effort it costs to process. When someone addresses
you, they make an implicit promise that the effort of attending will be re‐
paid.3 This is the most useful way I know to see what the participants were
describing. Machine generation lowers what a message costs to produce al‐
most to nothing, and the text it produces tends to be longer and more ex‐
planatory than the occasion needs, which raises what it costs to read. The
reader is asked to spend more to receive less, from a sender who, as far as
the reader can tell, spent very little. The withdrawal the participants de‐
scribed restores the balance by the only means a reader has, which is to re‐
duce their own side of it.

Researchers who study language models have made the related point
that these systems cannot invest effort in the relational sense at all, since
they  produce  text  without  any  stake  in  the  people  who  will  read  it.4

Whatever effort a reader finds in such a message has to come from the per‐
son who used the tool.

In  an online  experiment  on AI-mediated email,  Liu  and colleagues
found that trust in a writer fell when AI involvement was indicated, and
that participants explained the drop by reading AI assistance as a sign of
less effort and a less authentic message. They were least willing to accept
AI help for sensitive messages such as condolences.5 Zhu and Molnar, in
two  experiments  with  1,301  adults  in  the  United  States,  found  that
senders known to have used AI were rated as lazier, less sincere and less ef‐
fortful than those who wrote their own messages.6 P8’s word, “lazy”, is
the same word. Zhu and Molnar also found that when AI use was not dis‐
closed, readers rated the messages as highly as human-written ones and
rarely suspected anything.

In workplace writing, Coman and Cardon report a similar split. AI-as‐
sisted messages kept their ratings for professionalism, while ratings for sin‐
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cerity and caring fell  once AI authorship was known.7 A pre-registered
study by Sahebi, Formosa and Bankins, which included workplace email
among its contexts, found an AI penalty on trustworthiness, authenticity,
and what they call knowledge uptake, the reader’s willingness to use what
the  message  contains.8 That  third  measure  is  the  one  closest  to  this
chapter, because willingness to use the content is what P4 and P15 de‐
scribed withdrawing.

These studies agree with what the participants said, but each measures
the effort judgement after AI involvement has been disclosed or labelled.
They do not show how readers infer effort from the text itself when no
one has told them anything.

The participants add two things. Several made the effort judgement
before any disclosure:  P16 reconstructed the prompt,  and P7 read one
message as personal effort and the other as box-ticking, before I had said
how either was made. They also described what they did next. The pub‐
lished  studies  record  evaluations  and,  in  Sahebi  and  colleagues’  case,  a
drop in uptake. The participants here supplied the reasoning that might
produce such a drop: a judgement about what the message cost its sender,
followed by a decision to match it. That step, from what audiences think
about AI-mediated messages to what they stop doing when they receive
one, is the part of this study I most want others to test.

The novelist Gary Shteyngart, quoted in the same Guardian piece, de‐
scribes  the  bargain  from  the  writer’s  side:  “a  kind  of  implicit  bargain
between writer and reader where you know the work that you’re getting is
generated by a human being”.9 He was speaking of literature; the parti‐
cipants in this study applied the same bargain to an email about a lost cli‐
ent.

What This Means for the Writer

The first lesson is about where to spend your time. The work that counts
happens before you write. Before you open a draft, or a tool, settle what
has happened, what it means to the people you are writing to, and what
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they will need from you when they finish reading. That is the thinking
P16 found in the shorter message and the feeling P10 asked a leader to sit
with. A tool can help with the drafting afterwards, but readers who know
these tools will look for evidence that you did this part yourself.

The second is about length. Do not take length as a sign of care, and
do not expect your readers to. Participants read surplus explanation, reas‐
surance and structure as a failure of attention. Match the length and form
of a message to the occasion. If a draft has come back from a tool longer
than you would have written it, cut it to the length you would have writ‐
ten.

The third is about what you put in. Statements of feeling did not per‐
suade these readers; signs of attention did. The features that show atten‐
tion are the ones a tool cannot supply from a brief instruction: the name
of the colleague whose work is  in question, the thing you have already
done about the problem, the plain admission that you do not yet know
the full story. Where you have drafted with help, put these back by hand.
And own what you send. Several participants suggested checking whether
the sender can remember what the message said and answer a question
about it. Apply that test before you press send.

The fourth is about what your reader does next. A generic message re‐
ceived a generic reply, a message judged machine-made was read for its ac‐
tion items, and one reader said they would put less into the next piece of
work. If you are a manager, the time a tool saves you may be repaid in your
team’s  attention.  Bad  news,  condolence,  feedback  on  someone’s  work,
and thanks for effort were the messages these participants were least will‐
ing to see delegated. Where the purpose of a message is relational, write it
yourself. Where it is only informational, a tool can serve.

You  can  keep  using  the  tools;  most  of  the  participants  used  them
themselves. What these accounts ask is that you be clear about which part
of the work your reader is counting. On the evidence of these sixteen read‐
ers, they are counting the attention you paid to them, and they keep their
own accounts accordingly.
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C H A P T E R  T H R E E

Written to Me, or Written at
Me
Readers can believe a message and still feel that no one
wrote it to them.

One  participant,  P6,  told  the  group  about  a  piece  of
feedback from a supervisor. It was long, longer than the work required,
and something about it did not sit right. The participant looked into it.
“The feedback was quite lengthy beyond what we need. And interrogating
further, I realized it was actually a copy of ChatGPT.” What came next
was a question, and the participant was careful to tell us that it was never
spoken aloud:

so why am I even reporting to you? Of course, I did not ask him that ques‐
tion, but I just had a reflection (P6)

The feedback itself may well have been sound. Nothing in the account
suggests the participant found the content wrong or ignored it. The dam‐
age was to the relationship. In the participant’s words, the supervisor had
“instantly lost their authority. that they can’t really dictate what I need to

37



do in that work […] everyone is sort of playing on the same level ground.”
A reporting line had gone flat in one reader’s mind, and the supervisor al‐
most certainly never knew.

A message can do its job as information and still fail as an act between
two people. The reader keeps the content and revises the sender, and be‐
cause the reader has no reason to announce the revision, the sender carries
on as  if  nothing has  happened.  Eleven participants  contributed to this
theme. Two of them read the same material quite differently, and their
readings are here too.

Believing the News

The message every group read announced bad news: the agency had lost a
large  client  account,  the  decision  had  come  down  to  price,  and  there
would be a meeting on Monday morning to regroup. Participants called
the lost account “the bid”, and nobody in any session doubted that the
bid had been lost.

When the group turned to trust, P14 began, stopped and began again:
“so one I will, I will, I will trust, I will trust the second one, but all the OK
trust, I don’t think trust for me is is is is any different.” Over the next few
turns the participant kept at it. First they moved the question away from
the message altogether: “it doesn’t tell me much about whether I should
trust it or not. It just tells me more about the person conveying the in‐
formation.” Then they landed on it:

So one, I may trust all of them, but I will feel more as part of the team with a
second message (P14, referring to the human written version)

I regard this as the plainest statement of the theme anywhere in the data.
The  participant’s  belief  in  the  content  is  untouched.  What  moves  is
whether the reader feels inside the group the message speaks to. That sen‐
tence separates two things most of us treat as one when we talk about
trust at work: whether I believe you, and whether I feel you were talking
to me.
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P16 put the question that organises this chapter, and did it by first set‐
ting aside everything a style guide would check:

the English is okay, everything is perfect, the reporting is fantastic. But how
does it make me feel if I’m a team member? Is it written […] to the team or
written for the team (P16)

The participant then found the failure in the grammar. The machine-gen‐
erated message, they said, “is almost written in. in a third person aspect”,
and “the writer is so far removed from the message they’re conveying, but
it’s very formal.” Read the generated text with that in mind and you can
see  what  P16 meant.  It  thanks  the  team,  praises  them and encourages
them, but it  speaks of them from a slight distance, as a body to be in‐
formed and steadied, in the register of an announcement. A message can
be correct, complete and entirely about its readers and still never turn to
face them.

P5 described the same thing from the other side. Reading the human-
written message, the participant felt it was addressed “to the people, rather
than employees”, and felt that address pulling a response out of them:

The fact that the boss has taken it personal and has written to us with that
feeling, I will also want to be in the same context and also respond like that
with that respect (P5)

P5 moves straight from the message to the reply,  and would answer in
kind. Being addressed as a person creates an obligation to respond as one.
If P5 is right about themselves, a team that feels written to will reply with
something of the same regard, and a team that feels written at will reply as
employees. The content is the same in both cases, but the working rela‐
tionship it travels through is not.
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Feeling Managed

For several participants, the machine’s message did more than keep them
at a distance. They read it as an attempt to manage them, and they resen‐
ted it.

P8  gave  the  fullest  account,  starting  with  what  the  human-written
message had offered:

they were straight with me. They trusted that I wear big boy pants and I can
take it, but also that they have acknowledged, the team leader has acknow‐
ledged the work that we have taken (P8)

P8 called this “humanized leadership in how that e-mail is crafted. The
leader is not trying to make it sound like they’re superhuman.” Then the
participant turned to the generated version, with its paragraphs of thanks,
its reassurance that the setback did not diminish anyone’s talent, its en‐
couragement to remain positive and focused. P8 read all of that as an as‐
sessment of their capacity:

the leader doesn’t think I am adult and professional enough to take bad news.
So the scaffolding I think that you are talking about is a bit too much. And,
and, and it it it insults my intelligence as someone who had made significant
contribution to that pitch (P8)

P8  spoke  fluently  for  most  of  the  session.  The  stumble  comes  exactly
where the offence is being named, and I read it as a sign of how much the
point mattered.

P4 reached the same place more gently: “I feel a bit more emotionally
managed, basically.” P3 put it down to a misreading of the moment, say‐
ing the message “doesn’t feel like it’s coming from a team leader who is
reading the room properly.” In each case the trouble was an excess of care
that read as a lack of respect.

I did not expect this when I designed the study. In my own work as a
communications specialist I have often been asked to add warmth to a dif‐
ficult message, and the usual instinct is to add more thanks, more reassur‐
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ance, more framing of the setback as an opportunity. The generated mes‐
sage did all of this competently, and many organisations would approve it
without  a  second look.  For  these  readers  it  backfired.  Reassurance  the
reader has not asked for, at a length the occasion does not need, tells the
reader that the sender sees them as fragile and in need of handling.

The two versions were not identical  in content.  Mine named a col‐
league, Asha, whose pitch it called strong, and it promised to share the cli‐
ent’s full feedback when it came. The generated version did neither. Some
of  what  P8 heard  as  acknowledgement  may come from a  name and a
promise the other text simply did not contain. The study cannot separate
those differences from the manner of writing, as I explain in the methods
account at the end of the book. What the participants describe is still real
as experience: a reader who feels named and kept informed in one mes‐
sage, and handled in the other, will judge the senders differently.

I N  P R AC T I C E :  WAT C H  T H E  L A S T  PA R AG R A P H

Much of the feeling of being “managed” sits at the end of a message: the call to
stay positive, the thanks for “continued dedication and cooperation”, the line that
sounds as if it came from a corporate values statement. Endings written to sound
institutional, or to be quoted, read as written at the reader. End on the last real
point instead, such as the meeting time, the next step, or the thing you will do and
by when. If you need to ask something of the reader, make one specific ask, once.

Imagining Who Sent It

When a message fails to address its reader, the reader does not leave the
gap empty. Participants built a sender to explain the message, and the fig‐
ure they built was rarely flattering.

P6 stated the mechanism earlier in the same session that produced the
supervisor story: “It might communicate the message, but it starts to lose
that meaning which was intended because I attach meaning to you as a
person.” The message survives. The meaning it was sent to carry does not,
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because the person it was attached to has gone missing from the text, and
the reader fills the space with an account of why.

For P7, the explanation was incapacity: “Of course, I lose confidence
in them because they are not able to communicate really. As them.” The
participant then took it from competence to character: “I view my boss to
be someone who is not serious.” Here, unlike for P14, the damage reaches
the sender as a person and not only as a writer.

After the two texts had been discussed, I told each group which ver‐
sion I had written and which ChatGPT had produced. P1 said the disclos‐
ure  changed nothing for  them. Both versions were signed by the same
sender, Siddondo, yet P1 gave the author of the machine-generated email
a name of their own, as if a second person had written it:

I strongly believed that the e-mail 2 […] Siddondo Siddondo 2. was insincere,
was lazy, and lacked authenticity (P1)

As I read it, the participant had no quarrel with the Siddondo whose mes‐
sage they took as human, so they split the sender in two and gave the ver‐
dict to the copy. Insincere, lazy, lacking authenticity: each is a judgement
about a person. The reader needed someone to hold responsible, and sup‐
plied one.

What P8 and P4 described as an injury to their regard for the sender,
P6 described, in the supervisor story, as the collapse of a reporting rela‐
tionship. The supervisor’s authority depended, in the participant’s mind,
on the supervisor being the one who had looked at the work and judged it.
Once a machine seemed to have done the looking, there was no reason to
defer, and because the question stayed unasked, nothing was raised that
could have been repaired.

Most of  what participants  described here happened silently.  P8,  P7
and P6 did not, on their own accounts, say anything to the sender. A read‐
er who withdraws regard has no occasion to report it, so the harm that
matters most here may be the harm that never surfaces.
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Learning which message the machine had written affected participants
differently. P1’s verdict stayed the same. P2, whose reading I come to be‐
low, found that it cost the message nothing. Several participants changed
the terms of their objection after the disclosure more than its strength. P8,
for example, having called AI-mediated writing inauthentic and lazy, after‐
wards allowed that polishing the reader could not see would give no diffi‐
culty.  That shift  belongs mainly to a  later  chapter,  but it  suggests  that
what offended P8 was being able to see the machine, and so to see that the
sender had not faced them. P7 said nothing after the disclosure, so I make
no claim about whether it moved them.

Two Readers Who Saw It Differently

Not everyone experienced the generated message as a failure of address,
and two dissenting readings are as much part of the evidence as anyone
else’s.

P2 found the AI-generated message the more caring of the two. For
P2, the task of a message like this was to keep the team steady after bad
news, more than to speak to each reader as an individual. “The second one
I feel has more of a humane aspects to it, not puncturing the confidence
of the team,” the participant said, and later, “I’m looking at grief, grief
management.”  Where P8 heard padding,  P2 heard protection,  and the
shorter human-written version risked sounding hasty.

Twice P2 slipped into the role of the person who had written the two
messages, once speaking of “maintaining my team”, and once describing
how the texts were made as though they had made them: “Then I used a
bit of AI to do the second one to bring a bit of the human feel.” From the
sender’s chair, the generated text looks like a leader doing the responsible
thing for a shaken team. From the reader’s chair, several participants felt it
as being managed. For P2 the disclosure cost nothing, since a human in‐
tention had been present throughout and the tool had simply helped carry
it out.
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P10 found the generated message hostile. Asked what they felt from it,
the participant turned down the obvious word three times before settling
on a stronger one: “The person is pissed. In this second e-mail, the person
is really pissed.” The participant later moderated this to a flatter descrip‐
tion, and I keep both positions on the record. A formal, distant message
about bad news does not announce its sender’s state of mind, so the read‐
er supplies one. P1 supplied laziness, P7 a lack of seriousness, and P10, at
first, anger. P2 shows the alternative: a reader who assumes a caring hu‐
man intention behind the text, and then finds care in it.

These  two accounts  mark the  limits  of  the  chapter.  The pattern is
strong in this  data,  but  it  comes from sixteen professionals  in  Nairobi
reading one kind of message with a comparison in front of them. A reader
who takes the sender’s view, or who reads a long consoling message as the
right response to a loss, may see warmth where others see management.
Writers will meet both kinds of reader, often in the same team.

What Other Studies Have Found

Hancock  and  colleagues  gave  this  area  its  working  name,  AI-mediated
communication, when the tools first reached professional use.1 Since then
a steady run of studies  has found that trust  in the sender tends to fall
when readers believe AI was involved. This study adds a view from inside
that fall.

Most organisational researchers still work from the model of Mayer,
Davis and Schoorman, who described trust as a willingness to be vulner‐
able  to  another  person,  resting  on three  judgements:  whether  they  are
able, whether they mean well towards you, and whether they hold to prin‐
ciples you accept.2 Coman and Cardon, surveying 887 working profes‐
sionals, found that AI-generated messages were rated professional, effect‐
ive and competent, but that when AI authorship was disclosed, percep‐
tions of the sender’s sincerity and caring dropped.3 In Mayer’s terms, abil‐
ity held up while goodwill and integrity did not, and participants here de‐
scribed the same pattern. P16 called the English okay and the reporting
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fantastic, while P1 called the sender insincere and lazy, and P7 called the
boss not serious.

Cardon  and  Coman  also  found  that  professionals  saw  their  super‐
visors as sincere far less often when those supervisors leaned heavily on AI,
even among respondents who could not reliably tell which messages were
AI-produced.4 Schilke and Reimann, across thirteen experiments, found
that  people  who disclosed  their  AI  use  were  trusted  less,  because  they
seemed less legitimate, and that the effect was stronger when someone else
exposed the use.5 P6’s supervisor was exposed by the participant’s own in‐
vestigation, and the authority went with it. Sahebi, Formosa and Bankins
found the same penalty in workplace email on trustworthiness, authenti‐
city and knowledge uptake, the reader’s willingness to use what a message
tells them.6 That is close to P5’s point from the other direction: a reader
who does not feel addressed gives back less. Dorigoni and Giardino found
that the same supportive message was received differently depending on
whether readers believed a person or a system had written it, so warmth
depends on who the reader thinks is behind the words.7

Logg and colleagues documented algorithm appreciation, a tendency
to  trust  algorithmic  judgement  over  human  judgement  in  some  tasks,
though it is weakest where a task calls for character and ethical judgement.
8 A team leader breaking bad news sits in that second group. Coman and
Cardon also note that readers under time pressure may prefer a clean, uni‐
form voice that is quick to process.9 P2’s reading suggests a version of this.

Where this study adds something is in what P14 described. The trust
literature asks readers to judge the sender. P14 was judging their own posi‐
tion, whether they stood inside the group the message addressed. I have
called this relational membership. It can be lost while every judgement of
the sender stays intact, and surveys that ask how sincere or caring a sender
seems are not built to catch it. Dirks and Ferrin’s review found that trust
in leaders depends on the quality of the leader and follower relationship as
well  as on visible competence.10 If  that relationship is  built  message by
message out of the experience of being addressed, a message that fails to
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address  its  readers  draws it  down. P14 felt  less  part  of the team over a
single email.

Credibility researchers separate the credibility of a message from the
credibility of its source.11 The study held the facts and the named sender
constant across both texts, which is why the separation P14 describes is
visible at all. In real life, a reader who stops trusting the sender may even‐
tually  doubt  the  content  too,  and  this  study  cannot  say  when.  And
Nkembuh found that in remote teams AI mediation first got in the way
of trust but led to stronger working relationships where it was handled
openly.12 The readers here had bad news from a team leader with no ex‐
planation of how it was made, which is close to the least forgiving set of
conditions there is.

Walther and Parks, who first described the warranting principle, held
that we give most weight to cues that are hard for the other person to fake.
13 Earlier chapters argued that a writer’s small habits and particular know‐
ledge work as that kind of cue. Those cues also show the reader that the
sender was there, and was looking at this team and this loss when they
wrote.  When the cues are missing,  readers keep believing the facts  and
stop believing they were the ones being spoken to.

My own position shaped how I read this material. I came to the study
as a practitioner who spends much of his working life writing for leaders,
ready to sympathise with a busy manager reaching for a tool to soften a
hard message. The accounts moved me towards the readers. My reflexive
journal records that movement, and I report it so that you can weigh my
reading with it in mind.

What This Means for the Writer

Accuracy  will  not  protect  you.  Every  participant  believed  the  news,
whichever version they read. If you judge a message only by whether it is
correct, complete and clearly organised, you will miss what these readers
were judging. Before you send anything that carries weight for a relation‐
ship, ask whether the people receiving it will feel you were talking to them.
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P16’s test is a good one to borrow: is it written to the team, or for the
team?

When the news is hard, the instinct is to add reassurance, thanks and
encouragement  until  the  message  feels  kind  enough.  For  several  parti‐
cipants,  that  extra  layer  was what made the generated message feel  like
management.  Short,  direct acknowledgement of the loss,  a  word about
the actual work people did, and a clear next step read to them as respect.
Long consolation read as  a  judgement that  they could not cope.  Trust
your readers to take bad news as adults, and write in a way that shows you
do.

Part of what made the human-written message feel addressed was that
it  named  a  colleague  and  promised  to  pass  on  the  client’s  feedback.
Whatever  the  study  can  and  cannot  separate,  those  are  things  only
someone who knows the team could have written. If you use a tool to
draft a message to people you work with, put these parts back by hand: the
name, the shared history, the specific thing someone did, the promise you
will actually keep.

You will usually not find out when this goes wrong. P6 never asked the
supervisor the question. P8 did not tell the leader the message was insult‐
ing. P7 kept the view that the boss was not serious. Readers who feel writ‐
ten at rarely say so; they adjust their regard, their effort and sometimes
their sense of who they answer to, and carry on. Do not treat an absence
of complaints as evidence that your messages are landing.

Finally, keep P2 in mind. Some readers will read from your side of the
desk and welcome the cushioned, careful message. You cannot write for
every reader at once, but you can decide which relationship a given mes‐
sage is serving. Where its purpose is to inform, a tool can help and few
readers  will  mind.  Where  its  purpose  is  to  stand with  people  through
something hard, to give feedback on their work, or to acknowledge what
they did,  the  readers  in  this  study wanted the sender  to  turn and face
them, and they could tell when that had been delegated.
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C H A P T E R  F O U R

When Authenticity Matters,
and When It Does Not
Whether AI authorship matters depends on the message’s
purpose, its channel and the writer’s role.

Bad News Should Not Be Rushed

The message every group read was bad news, and P3 objected to the ma‐
chine-generated version on grounds of timing:

we’re not rushing to solution. We’re not rushing to what’s next. We are just
being hit by this information that we have lost a bid that is probably life chan‐
ging (P3)

A little later the participant said what the moment required: “at the end of
the day, we are human beings. We need to 1st get down to how do we feel
about this? And then now talk about what we will do next.” The machine
version moves quickly to what comes next.  By its  third paragraph it  is
telling the team: “While we cannot change the outcome, we can control
how we respond.” It adds that losing the client “presents an opportunity
for us to reflect, learn, and continue delivering excellent work.” Every sen‐
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tence is reasonable. Read on the afternoon the bid is lost, the sequence
asks the team to be resilient before it has let them be disappointed.

Bad news, on P3’s account, has a pace, and a message that arrives at the
wrong speed fails whatever it contains. Only some messages have to meet
that standard. A notice about a changed meeting room has no need to give
its readers time to feel anything.

Seven of the sixteen participants spoke directly to the conditions un‐
der which a human hand matters,  and those under which it  does not.
Their accounts leave the findings of the earlier chapters standing and mark
out where they apply.

The Higher the Stakes, the More the Writer Matters

Set side by side, the participants’ accounts apply a working rule that none
of them stated in full: authorship matters in proportion to how much of
the sender the occasion requires. A condolence needs its author. A routine
notice does not.  Most of the messages professionals write in a week sit
between those two points, and the demand for a human hand rises and
falls with three things participants kept returning to: what is at stake for
the reader, the relationship between reader and sender, and the kind of
message it is.

Stakes came first, and the message participants read sat near the top of
the scale. Losing the largest client touches people’s work, their standing
and possibly their jobs, and P3’s phrase “probably life changing” registers
that weight. The occasions where participants found delegation least toler‐
able  formed  a  recognisable  group:  bad  news,  condolence,  feedback  on
someone’s work and recognition of effort. In each, the reader is exposed in
some way, and the sender has to show they have seen the reader’s position.

Liu and colleagues,  in an online experiment on AI-mediated email,
found that trust in a writer fell when AI involvement was indicated, and
that participants were least willing to accept AI assistance for emotionally
sensitive messages such as condolences.1 What the Nairobi discussions add
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is the reasoning behind the reluctance, in the readers’ own words, and a
sense of how quickly it falls away as the occasion becomes ordinary.

Relationship  was  the  second  dimension.  A  colleague  invited  for  a
drink, P2 said, would confirm before the first sentence of the invitation
was finished. P2’s conclusion was general: “context of the message matters
as to whether you will make it short or if it has to be a bit lengthy.” The in‐
vitation and the bad news might pass between the same two people. What
differs is how much of the relationship each message has to carry.

The kind of message was the third. Some messages exist to tell people
something, some to be kept, some to get a thing done and some to hold a
group in shape through a hard week. A message announcing a lost ac‐
count does several of these at once. A message confirming that the invoices
have been sent does only one,  and participants did not expect it  to do
more.

The  warranting  principle  helps  explain  why  the  demand  moves.
Walther and Parks proposed that people trust information about someone
more when it is hard for that person to fake or control.2 DeAndrea later
stressed that readers actively weigh the cues in front of them, and that the
same cue carries a different value depending on its source, its context and
how easily it could have been produced.3 On a routine notice, the reader is
not looking for evidence of the person, so its absence costs nothing. On a
message of bad news, the reader is looking hard, and a text that offers only
fluency, structure and courtesy, which any competent writer or system can
produce, leaves them with nothing to hold.

Mayer  and  colleagues  described  three  grounds  on  which  we  judge
whether someone is trustworthy: ability, benevolence and integrity.4 Co‐
man and Cardon found that AI-assisted text holds up well on the first, be‐
ing read as professional and competent,  and loses ground on the other
two, where readers see the sender as less sincere and less personally inves‐
ted.5 The cost of a missing human hand therefore depends on how much
a message leans on benevolence. A notice about a system upgrade leans al‐
most entirely on ability: is the information right, and is it clear? A message
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to a team that has just lost a client leans heavily on benevolence: does this
person care what has happened to us?

Email Is for the Record

Several participants held, with good reason, that much of the writing that
crosses a professional’s desk owes the reader nothing personal at all. P12
put it this way:

I usually see emails is  mainly for documentation purposes.  If  you want to
have a real feel of how someone feels, calls are better (P12)

The participant gave the reason directly: “In case things go sideways, they
have evidence that they can pull. So people will tend to be not to bring the
authentic self when writing an e-mail.” Asked how the machine-written
message  made  the  participant  feel  about  its  sender,  P12  declined  the
premise: “I don’t think too much about it because it’s corporate at the
end of the day.” In the following session, P13 described the same function
from the institutional side, noting that “one thing that is very key in our
place of work is emails being used as accountability mechanisms.”

On these accounts, email is an instrument of record before it is a place
for relationship. It is where decisions are logged, where instructions are
given in  a  form that  can be  produced later,  and where  people  protect
themselves against a future dispute. Expecting a personal voice in a docu‐
ment written to be filed would be a category mistake.

P9 reached a version of  the same view by a  more suspicious route,
reading excess formality as a warning: “if an e-mail is filled too much. Uh,
jargon and too much English. Then I feel […] someone just trying to…
Gets. Evidence, or to record something for purposes of future reference.”
A heavily formal email, read this way, is a message preparing for an argu‐
ment.  P9’s own standard was practical  and spare:  “the most important
thing is for me to act. Either you want me to do something, right, or you
want me to know something.” The participant also ranked media by how
much feeling each can carry, and placed email near the bottom:
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WhatsApps, chats, I always have raw emotions. e-mail sometimes is too form‐
al (P9)

Sincerity, in P9’s account, has somewhere else to live. If a colleague’s real
reaction to a setback reaches me in a WhatsApp message or a phone call,
the formal email that follows can be as impersonal as it likes. It was never
the place I would have looked.

The study’s  main findings are not a general  case against AI-assisted
writing. A minority of participants held, reasonably, that AI authorship
barely matters if the message does its job. Coman and Cardon raise a re‐
lated  possibility:  audiences  in  time-pressured  professional  settings  may
prefer the even, homogenised voice that AI assistance produces, because it
takes less effort to pull the relevant information out of it.6 Both positions
describe the other end of the same scale. In my own work as a communica‐
tions specialist, a large share of what I write is meant to be accurate, con‐
sistent and forgettable, and its readers are well served when it is exactly
that.

Most professional  email  confirms, schedules,  forwards,  reminds and
records. Participants did not read such messages looking for their author,
because they knew what they were reading and what it was for. For much
of the working week, the demand for a human hand stays off.

Where You Work Shapes What You Expect

The sixteen participants were chosen to differ in where they worked: aca‐
demic,  corporate,  institutional  and community settings  across  Nairobi.
Their  expectations  of  a  message  followed their  settings.  Participants  in
procedural environments tested a message first against institutional form,
and participants in close teams read informality as evidence of being close.

P2 drew a criterion from the structures the participant works within:

from the perspective of government, there is a structure. So at times you may
be able to know whether the communication or the message is genuine when
it follows a certain structure (P2)

53



Genuineness here means conformity to an expected shape. A departure
has a practical consequence: “I would be hesitant to act based on that, but
I’ll try to follow up and see that is this message really genuine.” The test
produces  a  delay  and an  enquiry,  with  no particular  feeling  about  the
sender.  P3  wanted  to  know  whether  the  writer  had  been  present.  P2
wanted to know whether the message was legitimate, and in that setting
legitimacy is carried by form.

This has a consequence for AI-assisted writing that is easy to miss. In a
procedural setting, a machine-produced message that follows the expected
structure may pass the reader’s first test more easily than a warm, irregular
one written by hand. The idiosyncrasies that, elsewhere in this book, let
readers recognise a colleague may count against a message where depar‐
tures from form are a reason to check.

P1 read register as evidence about the workplace that produced it. De‐
scribing teams that “tend to work horizontally […] like the boss and every‐
one else is sharing the same office space. There’s no walls”, the participant
linked informality with physical and social  closeness,  and observed that
people working this  way “will  try to identify more with Swahili  rather
than the formality.” In such a team, a formal email from the person at the
next desk would sound odd, perhaps cold. P1 was clear that the formal
version remains entirely appropriate in a ministry or in a mission abroad,
and summed up: “the work environment has bigger influence on the kind
of writing that we do.”

The two messages sit inside this pattern. The version I wrote is conver‐
sational, signed with a first name, and names a colleague whose pitch was
strong.  The machine version is  formal,  signed with initials,  and thanks
“each of you” for “hard work, commitment, and professionalism.” In a
horizontal team of the kind P1 described, the second register signals dis‐
tance. In a procedural environment of the kind P2 described, it might pass
without comment.

Nkembuh, studying AI-mediated communication in remote profes‐
sional  collaboration,  concluded that the relationship between AI medi‐
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ation and trust  is  moderated  by  transparency,  familiarity  and context.7

Wang and Adzharuddin, in a very different field, found trust in AI-gener‐
ated content to be context-dependent and shaped by cultural familiarity.8

The accounts here show what that moderation consists of for these read‐
ers. The same absent author is a grievance in a message of bad news, an ir‐
relevance in a channel kept for the record, and a reason to check before
acting in a procedural environment.

Langmia and Haddad Nunez describe African communicative tradi‐
tions as placing weight on relational accountability and on the embodied
presence of the communicator.9 P1’s remark about Swahili in close teams
is one small sign of how that plays out in a Nairobi office: a shift of lan‐
guage  and register  marks  a  shift  in  relationship.  It  suggests  that  a  tool
which pulls every message towards one standard professional register will
fit some workplaces better than others, and that writers in close, informal
teams may notice the mismatch first.

I N  P R AC T I C E :  W H E N  A  D E V I C E  I S  F I N E

Every pattern that now reads as machine-made was used by people long before
these tools existed. Speechwriters use the rule of three and good reporters open on
a scene. Hunting every device out of a text leaves flat, choppy prose that reads as
over-edited, which is a tell of its own. A device can stay if it passes three checks. It
carries content: each item is true, the metaphor has a real second half, the contrast
rules out a reading the reader would otherwise hold. It stands alone on the page,
so it reads as a choice rather than a habit. And you would say it aloud to a col‐
league in those words.

Readers Who Do Not Care Who Wrote It

Some readers never reach the question at all. P11 handles messages in the
order they arrive:

either  via  e-mail,  WhatsApp,  or  a  phone  call.  So  whichever  I  see  first  or
whichever comes first (P11)
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For this participant, length is a barrier met before any content: “I get tired
reading long emails usually […] when you have too much on your plate
and someone writes an essay, then it  becomes difficult to spare time to
read it.” When P11 does decide to give a message proper attention, the
sender settles it: “depending on who it’s coming from, I would first pack it
and finish up what I’m doing.” Whether a person or a machine wrote the
message does not enter into it.

Walther’s  early work on computer-mediated communication argued
that people form impressions of each other through text as fully as they do
face  to  face,  given  enough  time  and  enough  motivation.10 A  reader
triaging a full inbox has neither, so the slow reading that would surface a
missing hand never takes place. The focus groups gave participants both:
an hour, two texts, and a researcher asking them to look closely. That is a
long way from P11’s ordinary day.

Under pressure, relationship works as a filter. A busy reader still de‐
cides which messages deserve to be set aside and read properly, and decides
by  who  wrote  them.  Those  few  messages  are  where  a  writer’s  choices
about how to draft are most visible.

P12, who said more clearly than anyone that email is for documenta‐
tion, was asked in the same session to judge the machine-generated mes‐
sage, and condemned it: the message “sounds lazy”, and its author, if a
person wrote it, was “a lazy individual”.

I have not treated this as an inconsistency to be explained away. P12’s
view of email is a position held about the channel, and it does not fully de‐
scribe how P12 reads. A person can believe sincerely that email is a filing
system and still feel the absence of a person in an email announcing a loss.
Chapter 5 returns to what it means that so many participants who use
these tools judged others for using them.

P12’s view of email, P9’s ranking of channels, P2’s test of form and
P11’s triage all describe readers for whom, at least some of the time, AI au‐
thorship does not matter. In my reading they are applying the same rule as
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P3, to occasions that ask less of the sender. Their divergence shows how
far the rule stretches.

Everyone read a message of bad news, so the lower end of the scale
rests on what participants told me about their daily work, not on anything
I observed in the sessions.

What This Means for the Writer

The working rule participants applied can be put as a question to ask be‐
fore drafting: how much of me does this occasion require? If the honest
answer is very little, because the message records a decision, confirms an
arrangement or passes on information the reader needs to act on, then AI
help is unlikely to cost you anything with readers like these. If the answer
is a great deal, because the message carries bad news, offers condolence,
gives feedback on someone’s work or recognises what people have done,
the recommendation I drew from the study applies: where the purpose of
a message is relational, write it yourself; where it is informational, genera‐
tion can serve.

Three  checks  help  with  the  harder  cases  in  between.  Consider  the
stakes: does this news touch the reader’s work, standing or feelings? Con‐
sider the relationship: will this reader look for signs of you, or process the
message in order of arrival? Consider the kind of message: is it written to
be acted on and filed, or to hold people steady? A message that scores high
on any of these deserves your own hand. One that scores low on all three
can be drafted with help and checked for accuracy. When you are writing
bad news, think also about pace. P3 objected to a message that moved to
solutions before it had let people take in the loss, and that is something a
writer controls whatever tool they use.

Know the setting your readers work in. In a procedural environment,
a departure from the expected form can prompt a check rather than a
warm response. In a close, informal team, the same formality can read as
distance. AI tools tend to produce one register for every occasion, so be‐
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fore you send an assisted draft, ask whether it sounds like the place it is go‐
ing to.

Use your channels deliberately. Several participants treated email as a
record and expected to find the person elsewhere: in a call, in a chat, in a
conversation.  If  that  is  how your  workplace  uses  email,  an  impersonal
email is  acceptable only so long as people can still  find you where they
look for you. For organisations, if relational communication drifts into a
channel  nobody  reads  for  a  person,  the  consequences  participants  de‐
scribed elsewhere in this book are likely to follow. A team that sets norms
about which occasions may be delegated, and keeps a place where people
are expected to appear, is on firmer ground than one that tries to police
the traces of the tools.

Finally, be careful with readers who tell you it does not matter. Some
of them mean it, and for much of their working week they are right. P12,
who held email to be a record, still  judged an email about a loss as the
work of a lazy sender. The safest assumption is that the demand for a hu‐
man hand switches on with the occasion, whatever a reader says about the
channel in general.
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C H A P T E R  F I V E

Prosecuting From the Dock
People condemn AI writing in others while using it
themselves.

One participant spent much of their session building a
case against machine writing. P3 described colleagues whose filed docu‐
ments had been flagged for AI, and drew a firm conclusion: “it feels like
you’re being lazy when you’re using AI. So you have to come back. […]
And do it on your own.” Later, talking about a leader who has to deliver
hard news,  P3 asked that  such a  message  come “from you,  from your
brain.”

Then, in their final turn of the evening, P3 said this:

So even I use a lot of AI. And I have just discovered it might not really con‐
nect or resonate to some other people (P3)

P3 did not propose to write more of their own messages. The remedy they
offered was this:

I can add my personal touch. into it so that other people feel like I am also ap‐
proaching it not from a mechanical point of view all the time (P3)
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As a reader, P3 wanted to know that a message had come from the person
who signed it. As a writer, P3 offered the impression that it had. Both pos‐
itions were stated within seventeen turns of each other, and P3 gave no
sign of noticing that they pulled in different directions. I have not tried to
resolve that for them, because they did not resolve it themselves, and I am
not sure anyone in the room, including me, could have done better.

Eleven of the sixteen participants contributed to this theme. People
who judged others for using AI to write described, sometimes in the same
breath, their own use of it. And when they did, the standard they applied
to others changed shape.

I am not writing this from the gallery.  I  use these tools in my own
work, and they helped me prepare this book. When I heard participants
shifting the line from one place to another, I recognised the moves partly
because I have made them myself. The title of this chapter describes all of
us: we sit in the dock while we argue the prosecution’s case. I mean it with
sympathy, and I think the participants deserve it.

P3 arrived at the tension from the prosecution’s side, condemning first
and confessing later. P12 arrived from the other direction, offering heavy
personal use of AI as the very thing that qualified them to judge. Their ac‐
count of the tool: “once I learned to customize the prompts, to sound, to
speak as if in my personality, it became quite easy for me.” They gave the
arrangement “a solid 80” for making their work simpler. Their verdict on
the machine-written version of the lost-client message drew on that same
experience:

Being an avid user of AI, from the second e-mail I would say it sounds lazy.
[…] I find the author of e-mail 2 to be a lazy individual, if it was written by an
individual (P12)

After I  told the group how each text had been produced, P12 restated
their  position,  saying  that  “with  the  correct  prompt.  Bringing  AI  on
board works magic. from my perspective, so you can call me through AI,
for lack of a better word.” So P12 holds two sincere views at once: a mes‐
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sage from a thin instruction is lazy, and one from a good instruction is
something P12 is happy to sign. For P12, the skill of the person giving the
instructions decides which it is.

P3 sounded wary of AI and P12 enthusiastic. Each used it and con‐
demned the machine-written message, and neither proposed writing the
words themselves.

How People Excuse Their Own AI Use

Once participants had to square their judgement of others with their own
practice, they kept the standard and moved it. The study found five places
it went: to the prompt, to ownership of the content, to a final human
pass, to how much of the text the tool produces, and to whether the tool’s
involvement can be seen at all.

The first place it went was the prompt. P16 had elsewhere compared a
person’s writing to their handwriting, a mark colleagues come to recognise
without being taught. Later, P16 put the alternative view directly, and ad‐
dressed it to me:

I can still use AI to produce a personally connecting message. And the secret,
[MOD], as you know, is in the prompting (P16)

I read this as working against P16’s own handwriting comparison, since a
hand is the thing that cannot be commissioned. If a personal quality can
survive being specified by one party and executed by another, the hand‐
writing idea no longer holds. P16 did not seem troubled by this, and many
readers will not be either.

P2 had already read the two messages in these terms before I disclosed
anything. The human-written message was signed by a team leader called
Siddondo, and P2 imagined a process in which the human intention runs
all  the way through: “The first  one may have been done by Siddondo.
Then I used a bit of AI to do the second one to bring a bit of the human
feel.” On this account nothing was lost, because the writer never left the
message.
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A second resolution replaces  the question of  who wrote  the words
with the question of who answers for them. P9 put this forward twice,
once before the disclosure and once after, and their test was memory:

you sit down and you mean every word that. So you can actually remember
what you wrote (P9)

The failure P9 wanted to detect was abdication, not automation:

I’ll feel sort of offended if you even don’t know what you sent me. AI sent it,
you just send it. If I ask you a question about what you’re saying, you don’t
remember, I’ll feel offended (P9)

Where the sender keeps that relation to the words, P9 had no objection:
“it told you something, you own it. Is fine.” This is the most practical idea
in the theme, because it gives a writer something to check before sending.
The objection had been about where the words came from, and P9’s test
asks whether the sender can stand behind them.

A third resolution sits close to the second. P11 described a clear divi‐
sion of labour, in which the thinking belongs to P11 and the drafting does
not: “you have a couple of thoughts together, but you don’t have the time
to think through and formulate something […] So you add up my points
in place and then send it to the tool.” The final step restores P11’s author‐
ship, as they see it: “Then, I’ll come back to just do the final refinement to
ensure that it’s using my tone.” By the close of the session P11 had set the
authorship question aside altogether: “whether one has used AI or they
have written by from the heart […] it’s as long as the message has been
passed and has been passed correctly, I think that’s the baseline.” I return
to P11 later.

P13 turned the standard into a matter of competence. AI is “just any
other technological advancement, just as basic as the innovation of phones
[…] So this is just another stage.” What the user owes is verification: “if
you don’t take time and really look deep into what has been present to
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you  by  AI,  you  might  be  communicating  a  lot  of  misinformation.”
Without the right inputs, it is “garbage in, garbage out.”

Two participants took a position of degree. P15 located the fault in
quantity: “the problem becomes when we over utilize AI, we let it now
speak with its own language and it loses the human part of it.” Used prop‐
erly, P15 allowed, “it can be a very good tool.” P14 compared the tool to
ordinary delegation, “like giving your secretary a job to do a certain, to
write that communication,” and added that a skilled user leaves no trace:
“people who can use that AI, and you most probably will not realize. So it
also looks at their skill in using that particular tool.”

That remark leads  to the last  place the line moved.  If  a  competent
user’s AI involvement cannot be seen, then whether it can be seen starts to
look like the thing that matters.

The Zero Per Cent Rule

P16 described an institution that works on that assumption. Speeches pre‐
pared for a national principal are checked before release, and the target is
absolute:

normally we want to aim for a 0% AI similarity to ensure that really there’s no
room for  any possible  sighting of  […]  the  president  read an AI generated
speech (P16)

The rule aims at a speech in which the tool cannot be detected, which is a
different thing from a speech in which the speaker is  present;  a  speech
could pass the check and still sound like nobody in particular. And the
rule did not come from readers. P16 said that “the move was not really in‐
formed by any feedback we got on our communication.” No audience had
complained. The rule arose to manage a risk of embarrassment: a speech
that had been, in P16’s vivid phrase, “fully AI marinated.”

I do not offer this as a criticism: a team writing for a senior public fig‐
ure has good reason to avoid a headline about machine-written speeches.
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What interests me is how naturally the standard moved from authenticity
to detectability, without anyone seeming to decide that it should.

The published research suggests the target is harder to meet than it
looks. Masrour and colleagues tested nineteen tools sold to make AI text
read as human, and found that they swapped one set of machine patterns
for another and did not restore the features of human writing.1 An in‐
dustry has grown up around the same goal P16’s organisation set itself,
and it manages the trace while leaving the reader’s experience much where
it was.

Others in the study described the same logic at the level of the indi‐
vidual.  One  participant  described  users  who  have  learned  to  hide  the
marks that would give the tool away. After I revealed how the two mes‐
sages had been made, P8 moved from objecting to any use of AI to object‐
ing  only  when  the  use  is  noticeable.  Several  participants,  on  learning
which message the machine had written, revised the terms of their objec‐
tion rather than its strength. One who had called it inauthentic and lazy
afterwards allowed that polishing a reader could not see would give no dif‐
ficulty. For some, finding out turned a prohibition into a threshold: the
tool was acceptable up to the point at which it showed.

I do not think this makes anyone a hypocrite. These are people trying
to find a rule they can live by from both sides of the inbox. The difficulty
is that the rule they find most easily, keeping the tool out of sight, is the
one that does least for the reader.

Should You Say You Used AI?

If the line keeps moving towards invisibility, the obvious answer is disclos‐
ure. The research on this is less comforting than it sounds.

Schilke and Reimann, across thirteen experiments, found that people
who disclose their use of AI are trusted less than those who do not, be‐
cause they seem less legitimate, whether the disclosure is voluntary or re‐
quired.2 It was worse when someone else exposed the AI use than when
the sender admitted it. Coman and Cardon, surveying close to nine hun‐
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dred  working  professionals,  found  that  AI-written  workplace  messages
were rated as professional and effective, but that ratings of sincerity and
caring dropped once AI authorship was known.3 Zhu and Molnar found
that senders known to have used AI were rated as lazier and less sincere,
while undisclosed AI messages were rated as well as human ones and read‐
ers rarely suspected anything.4

Sahebi and colleagues call this a disclosure paradox: readers believe AI
use ought to be disclosed, and they penalise the message when it is.5 If be‐
ing found out is worse than admitting it, and admitting it is worse than
saying nothing, then saying nothing and hiding the trace is the rational
choice for a writer, and P16’s zero per cent rule shows the same choice
made by an institution. It is a poor outcome for everyone who reads.

Drozd and Söilen, studying online reviews, found that text labelled as
AI-generated  was  trusted  least,  while  text  labelled  as  AI-assisted  was
judged more favourably, and that the difference ran through the reader’s
sense of authenticity.6 What mattered was whether the label told readers a
person was still involved. That fits closely with what my participants were
reaching for when they moved the line to ownership and to the final pass.

I should be open about my own stake here. After the disclosure in the
first session, the group’s responses did not match what I expected, and I
wrote in my journal that night that I felt bad. I had brought an expecta‐
tion, built from my own practice, of how disclosure would land, and the
room declined to confirm it. I recorded that feeling as information about
me and not about them, and I have tried to keep it out of how I report
what they said.

Only one participant accepted the difficulty this chapter describes as
their own. Shortly before P14 spoke, I had used the phrase “double stand‐
ard” as moderator, so what follows is P14 reflecting on a term I offered,
not an independent naming of it:

honestly, it is a double standard […] we don’t own the knowledge and under‐
standing of how to use AI. All of us are learning every day (P14)
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P14 did not withdraw their reading of the machine-written message. They
withdrew their entitlement to judge the person who produced it, on the
grounds that the judge is still learning too. I find this the most generous
response in the study.

I do not want to treat the double standard as a gotcha. People often
hold others to standards they struggle to meet, and these participants were
not hiding their  own use;  they disclosed it  themselves,  in front of  col‐
leagues they had just met.

I N  P R AC T I C E :  D R A F T I N G  W I T H  A  T O O L

If you draft with an AI tool, prevention costs less than repair. At the start, give the
tool a list of the phrasings you do not want, ask for plain declarative prose, and ask
it to flag any sentence it cannot support with a fact from your own material. Then
edit the result yourself, because over a long draft the tool drifts back to its defaults.
Write for the reader, not for a detector. Detection tools are unreliable, and a text
written to slip past them is rarely a better text for the person who has to read it.

Two Exceptions

Two participants complicate the picture.
P10’s concern was for a third person’s voice. P10 described preparing a

speech for a principal and finding that the tool produced something “too
far from what how authentic self is.” The draft could be adjusted, but
“sometimes it still comes back and the speaker is like, this is not me.” P10
did not claim to have solved this: “So I think for me, I’ve struggled with
that.”  Where  other  participants  were  negotiating  a  standard  for  them‐
selves, P10 was answerable for somebody else’s authenticity. The speaker
can say “this is not me” with authority, and the writer has to find out what
“me” sounds like for someone else while the tool keeps pulling towards a
voice that belongs to no one.

P11’s account runs the other way. P11 was the only participant who
described being harmed by another person’s use of AI. A project manager

M AKE IT  SOUND HUMAN

66



put P11’s own response through an AI tool, and the reply that came back
read to P11 as a personal attack, with senior colleagues copied in. That ex‐
perience sits directly against P11’s later position that the only baseline is
whether the message has been passed correctly, and P11 gave no sign of
noticing the tension.

I have left this case open. P11 may have been agreeing with the direc‐
tion the group had taken by the end of the session, which happens in fo‐
cus groups. Or P11 may have moved the standard to the human pass be‐
fore sending, distinguishing their own careful use from the project man‐
ager’s careless one. The transcript does not settle which. It does show is
that someone who has received a bad AI message can still,  a short time
later, describe a rule that would have allowed it.

What the Double Standard Shows

None of the participants who condemned AI writing in others resolved
the tension by proposing to write more themselves. They resolved it by
moving the criterion: to the prompt, to ownership, to the final pass, to
proper dosage, or to whether the trace can be seen. Effort remained the
measure by which they judged others. The effort they put in to meet that
measure was increasingly directed at the tool rather than at the text.

The study’s conclusion is that the test of authenticity is moving away
from  authorship  and  towards  accountability  and  undetectability.  Ac‐
countability,  in P9’s  sense,  keeps a person attached to a message.  They
meant it, they can remember it, they can answer a question about it. Un‐
detectability keeps a person attached only to the appearance of a message.
The second invites concealment, which is what the current incentives re‐
ward.

This  shift  is  happening  without  deliberation.  Individual  writers
moved their own line one reasonable step at a time, while continuing to
judge others by the older standard, in which a message should come “from
you, from your brain.” That gap between how we judge and how we work
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is the double standard, and I think most professionals who use these tools
are living inside it.

Walther, whose warranting principle runs through this book, argued
that people trust cues that are hard for a sender to fake.7 The participants
were, in effect, searching for a version of that principle that could survive
their own use of the tools. Ownership is one candidate: a sender who can
explain and defend a message has given the reader something difficult to
fake. Detectability is a poor candidate, because it measures only whether
the faking was done well.

What This Means for the Writer

The first thing I would say to any writer who uses these tools, myself in‐
cluded, is to admit the double standard. Most of us judge a colleague’s ma‐
chine-written message more harshly than our own, because we know the
intention behind ours and cannot see theirs. That also means the reader of
your message is likely to apply the older, stricter standard to you, even if
they use the same tools themselves.

Before you send a message that a tool helped to draft, apply P9’s test:
ask whether you mean every word, whether you will remember what it
said, and whether you could answer a question about it  without going
back to check. If the answer is no, the message is not yet yours, whatever
its origin. This test does not forbid the tool. It asks that you remain the
person accountable for the message, which is what a reader is entitled to
expect.

Be wary of making invisibility your goal. The research on humanising
tools, and P16’s account of the zero per cent rule, both suggest that this
manages the trace without restoring the person. The better use of editing
time is to put back what only you could supply: the name of the colleague
who did the work, the fact you know about this team, the plain sentence
you would have said aloud. Those details are hard to fake, and they are
what readers in this study were looking for.
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On disclosure, there is no free choice. Telling a reader that you used AI
may cost you some of their trust. Hiding it carries its own risk if someone
else finds out. A sensible working rule is to disclose where the relationship
makes concealment the greater danger, which usually means with people
you work closely with and will keep working with. Where you do disclose,
describe what you did in a way that shows you were present: that you draf‐
ted with help, checked the facts and wrote the parts that matter yourself.

Finally, if you write for other people, as P10 does, take their objection
seriously when they say a draft is not them. The tool will keep pulling to‐
wards a voice that belongs to nobody, and the person whose name is on
the message is the only one who can say when it has gone too far. That is
slower than accepting the first draft, but it is the only way the speaker’s
audience will hear the speaker.
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C H A P T E R  S I X

A Warrant With an Expiry
Date
Telling a person from a machine takes familiarity or a
comparison, and the clues may not last.

In one of the sessions,  after the group had spent some
time comparing the two messages, P13 said something that cut under the
whole exercise. The others had been listing what gave the machine away:
the length, the structure, the polish, the missing name. P13 agreed that the
differences were there and then asked where they came from.

I think the only reason why we are able to tell the difference is because we
have the two. If I receive the first one, it communicates the same thing as the
second message

I had designed the session around two texts on one screen, and here was a
participant pointing out,  politely and from inside that design,  that the
design was doing some of the work. P13 then applied the point to the
people they actually write for: “majority of the people we communicate to
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might not be able to pick that at a glance. So it’s easier for us because now
we have what to compare with.”

P13’s remark asks what the clues of the first chapter are worth to a
reader who receives one message, from someone they do not know, with
nothing beside it. Only five participants, from three of the four sessions,
took up that question. I give their accounts a full chapter because they
concern how far readers can trust their own eyes, and because what they
said reshaped the theory the whole study rests on.

Knowing the Sender

Look again at what each clue from the first chapter needs. P10’s colleagues
recognise their messages by the dots they use a lot, which works only for
people who know the dots. P12 described a colleague who never greets, so
that a sudden burst of courtesy gives the machine away; you can only see a
change if you know what came before. P16’s classmates knew each other’s
handwriting from years of seeing it. P13’s story of the attempted fraud
collapsed on a  single  fact,  that  the  colleague asking for  money had no
spouse.

Every one of these clues is a comparison. The reader holds a picture of
the sender, built over months or years of ordinary contact, and measures
the  new message  against  it.  A grammatical  slip  or  a  sudden politeness
means nothing on its own. Each means something against a background,
and the background belongs to the reader.

P6 saw what happens when that background is missing. Late in the
session, after I had told the group how each text was produced, the parti‐
cipant described a writer who has become skilled with the tools:

you’ve learned the art of using AI properly to refine a message, look really re‐
fined, hiding the marks of the AI itself. It’s like faking it for so long because
they have never known you before

P6 built a scene around it, a new manager arriving in an unfamiliar team
where everyone writes beautifully: “if you are a new manager in a new
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space and you found people are writing very nice articles […] would you
argue that I have a very fine team?” The manager is paying attention, and
concludes that the team is strong, because they have no earlier version of
these people to compare the polish against. To them it looks like compet‐
ence.

Many professional readers are in that position. A recruiter reading a
cover letter, a programme officer reading a proposal from an organisation
they have not funded before, a client reading the first email from a new
agency: none of them has a baseline for the writer. What they see is flu‐
ency, structure and courtesy, which any competent writer or any current
system can produce, and they read those qualities as information about
the person.

P6 made  this  point  after  learning  which  message  the  machine  had
written, when they had nothing further to gain from it, and it sat awk‐
wardly with their  earlier  defence of re-voicing a  message with the tool.
They did not reconcile the two, and I have left them as they stand.

P13 pushed the same point further, sorting the people they write for
by how closely they read:

to what extent are the masses familiar with this? Myself, I might be familiar,
but the people I work with, the staff that respond to me, my peers and also
my managers, to what extent will they pay attention to those cues

For  P13  this  settled  their  own  position.  Whatever  the  two  messages
differed in, their response to the news would be the same: “So the emo‐
tions might Be just the same to my context.” In the first  chapter I  de‐
scribed P13’s warrant as institutional: the house font, the copy list,  the
patterns that grow up among colleagues. A stranger’s email gives a reader
like that nothing to check.

P16 accepted the point  in passing,  remarking that  “[P13] is  simply
telling us the difference is the same. Which is fantastic,” before moving on
to their own question about how a message makes its reader feel. P15 had
the last substantive word:

73



for those of us who are aware of AI, we know we can tell when we see an e-
mail and for the rest who are not aware, probably, I don’t know how they
probably think about the whole thing

P15 was confident about the group’s own ability and unsure about every‐
one else’s, and said so without embarrassment.

Asking ChatGPT Why It Writes That Way

In one session, P8 asked for the floor: “Dekker, Dekker. Sorry, sorry, sorry
for the interruption. Do I have permission to speak?” While the rest of us
had been discussing the two messages, the participant had been running
an experiment of their own.

Just an interesting thing, yeah? So, the first version of that e-mail, I fed it, I fed
it, I fed part of it to ChatGPT, like as we were speaking, and I asked it to, you
know, to polish it, to improve, review and improve it

The first version was my own short email, with a colleague named in it.
What came back was much longer, and P8 read the opening aloud:

And it has given me around 6 paragraphs, yeah. And it goes,  I’m sorry to
share  that  Sankara  has  informed  us  that  they  will  be  appointing  another
agency following the recent review of the account. I know this is disappoint‐
ing news, particularly for everyone who has invested significant time, energy
and care in the account and the application process

The passage is fluent, considerate and correct. It also shows, within two
sentences,  several of the features the group had spent the previous half
hour naming as signs of the machine: the softened announcement, the ef‐
fort listed in three parts, “time, energy and care”, and a phrase that covers
everyone so that no one in particular has to be named.

What interested P8 most was the tool’s short account of what it had
done and why:

the interesting thing I got is how it tries to justify that new draft, yeah? And it
says that this version avoids sounding overly casual. Acknowledges the team’s

M AKE IT  SOUND HUMAN

74



disappointment  and  gives  a  clear  next  step  without  creating  unnecessary
alarm

The implication reached the participant halfway through a sentence:

Yeah, and yet it, and yet, and yet it is the kind of casual touch in the e-mail
that me and I think one or two other people were pointing to as the aspect of
authenticity and, you know, the personal touch, yeah

This is a single, uncontrolled episode, one participant using one tool on
part of one text, and I offer it as an illustration, not as evidence of how
these systems behave in general. Three things in it stand out.

First,  the  tool  stated  its  own aim:  to  avoid  sounding  overly  casual,
which the draft did. Second, the quality the tool treated as a fault was the
quality this group had already, on their own, named as the evidence of a
person. Casualness was what P6 had chosen over correctness when pick‐
ing the flawed message. It was what P4 found survived being read aloud. It
was  in  the  writer  P5  described,  who  mentions  a  thing  and  moves  on
without explaining it.

Third, the removal was presented as an improvement, in the tone of a
helpful colleague. A user who accepted the new draft would have been
told exactly what had been taken out without being in any position to see
it as a loss. In this instance, the tool’s idea of a better email ran directly
against the clues readers use to find the writer, and it did so in the open.

P8 later said of the second message that “the scaffolding I think that
you are talking about is a bit too much”. The observation was P8’s own,
but the word scaffolding was mine, offered earlier in response to P5.

When Polish Becomes Normal

Several participants expected the clues to change sides. P5 put it in terms
of what readers will come to expect:
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it  is  becoming normal to use AI to the extent that now if you are writing
without using AI, people will now feel that you are the one who is now, your
English is not well polished

Today, for P5 and others, a rough edge in a message is a sign that a person
wrote it. If polished prose becomes the default every reader expects, the
same rough edge starts pointing to a weak writer. The evidence stays on
the page while its meaning reverses.

P8 raised the same expectation about the things participants had de‐
scribed as most local, the idiom, register and voice that place a writer in a
particular culture: “What if we get to a point where AI figures out these
all  these  all  unique  voice  thing,  these  all  cultural  nuance  and  context
thing?  […]  Because  these  are  machines  and  they  are  also  learning  very
fast.” P1 held a version of this view from the start,  refusing to convict
either message on any single clue because “AI can do both documents”,
and said so before I had disclosed anything about how either text was pro‐
duced.

Outside evidence suggests the tools already do some of what these par‐
ticipants feared, though not well. A study of nineteen tools sold to make
machine text read as human found that they often got past detection soft‐
ware but did not restore the features of human writing. They swapped
one set of machine patterns for another.1 Other work points away from
P8’s worry. Writing assistance has been found to move text towards West‐
ern conventions of style and to wear away cultural markers,2 and machine
rewriting has been found to keep most of a text’s meaning while removing
the signals a reader uses to infer who wrote it.3 For now, the tools are more
likely to erase a local voice than to imitate one. Either way the reader is left
with fewer clues that can be trusted.

There is a third route by which the clues expire, the one P6 described:
writers learn which features give them away and take them out. Research‐
ers studying disclosure have described a paradox in which readers say AI
use should be declared and then penalise messages when it is, which gives
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writers a reason not to declare it.4 The writers P6 described, who have
learned to hide the marks of the tool, are that incentive in practice.

For one participant, the disclosure at the end of the session changed
everything they had read before. P13 described the effect as it happened:

the script that you’ve given has really got me thinking. And I was here just
trying to figure out how much AI generated emails have I consumed

The participant said they would now “pay a little bit more attention and
pick out the emotion that  comes from the messages”.  P13’s  case  is  di‐
vided: their argument that telling the difference depends on a comparison
survived learning which text was which, but their habits as a reader did
not, since they left going back over messages they had accepted without
question.

P8 moved the other way. Having called AI-assisted writing inauthentic
and lazy earlier in the session, P8 allowed after the disclosure that where
the  tool  had “polished the  language  here  and there  without  adding so
much verbosity in a way that I barely or not notice at all, then I would
have no problem”. The objection had become a threshold set by visibility,
and P8 made the move without remarking on it.  Two readers  met the
same news in opposite directions: one became more watchful, the other
decided that what cannot be seen does not matter.

I N  P R AC T I C E :  T H E  DA S H ,  A N D  O T H E R  DAT E D  C L U E S

The long dash is the clue general readers cite most often, and the ChatGPT mes‐
sage in this study used one. Replace each with a comma, colon, semicolon or
brackets, depending on the sentence: “A significant majority—71%—reported”
becomes “A significant majority (71%) reported”. Set apostrophes and quotation
marks as curly pairs throughout, since mixed straight and curly marks often show
where text was pasted from a chat window. Treat lists of clues like this one as a
snapshot. As this chapter shows, tools learn the clues and readers move on to new
ones. The material that keeps its value is the detail only you could have supplied.
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Trust Depends on Knowing the Writer

Walther  found that  people  forming impressions of  each other  through
text adapt to the missing face and voice by reading more into whatever
cues the text still carries.5 With Parks he then asked how a reader decides
which  of  those  cues  to  believe,  given  that  a  writer  online  can  present
themselves however they like. Their answer was the warranting principle:
we give more weight to information the person could not easily have made
up, and less to information they control.6 A colleague’s account of you
counts for more than your own description of yourself, because you did
not write it.

DeAndrea later asked what makes a piece of information hard to fake,
and identified two things. One is effort, meaning what it would cost to
produce the information. The other is  access,  meaning whether produ‐
cing it  requires  something only certain people have.7 A detail  of  a  col‐
league’s  family life  is  cheap for someone close to them and almost im‐
possible for anyone else, which is why the fraud P13 described failed.

My study proposed one addition. A writer’s small involuntary habits,
the dots, the dropped pronoun, the missing greeting, the slip left uncor‐
rected, are hard to fake in both of DeAndrea’s senses. They come from a
particular person’s history with language, they cost that person nothing,
and nobody else can produce exactly the right ones. If that is so, those
habits work as a warrant: they tell the reader that a particular person wrote
this. A message stripped of them, fluent and correct and unremarkable,
offers no such evidence. I called that condition warranting failure, and the
first chapter describes what it looks like from the reader’s side.

The participants showed me that I had put the warrant in the wrong
place. The warranting literature treats warranting value as a property of
the information: a cue is hard to fake or it is not. My own proposal had
followed it, treating idiosyncrasy as something a text carries. The accounts
of P6 and P13 do not fit that picture. P6’s new manager reads a polished
message from a writer who has hidden every trace of the tool, and finds
nothing wrong, because they have no history with the writer. P13 points
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out that the group could tell the two texts apart because they had both. In
each case, the same message carries a warrant for one reader and none for
another.

So  the  warrant  lives  in  the  relation  between  a  text  and  a  reader
equipped to read it. A writer’s habits are evidence only to someone who
knows the habits.  The dots P10 uses are a signature to colleagues who
have read P10 for years and a meaningless quirk to a stranger. This is con‐
sistent with DeAndrea’s view of warranting as a process of perception, in
which readers weigh cues for themselves.8 It goes one step further, because
it makes the reader’s prior acquaintance a condition of the cue existing at
all. Without that acquaintance, there is no clue to notice in the first place.

I think this is the most important thing the study adds to the theory it
borrowed, and it came from the participants. I had proposed that idiosyn‐
crasy works as a warrant. They showed me where that proposal stops.

I  had anticipated part  of  this  problem,  drawing on research which
holds that people with no other information about each other pay closer
attention to whatever cues remain.9 P6’s new manager does pay attention,
and reads refinement as evidence of a capable team. What is missing is the
expectation that  would make  the  polish  look strange.  With a  stranger,
then, a writer’s rough edges show that a person is present only to a reader
who still expects people to write with rough edges. As polished machine
text  becomes  the  normal  register  of  professional  life,  that  expectation
wears away, as P5 forecast.

Here I part company with some of the participants, who expected the
ability to tell person from machine to disappear. On my reading of their
own accounts, the link between a message and its sender does not vanish.
It moves towards familiarity with a known sender, where P10’s dots and
P12’s colleague’s missing greeting still work, and towards the shared con‐
ventions of an institution, which is where P13 had placed their trust all
along. A reader who knows the writer, or knows how messages in their or‐
ganisation are supposed to look, still has something to check against. A
reader with neither has very little.
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The research on detection supports the participants’ caution. In six ex‐
periments with 4,600 people, Jakesch and colleagues found that readers
could  not  reliably  tell  machine-written  self-descriptions  from  human
ones. They relied on rules of thumb, such as first-person pronouns, in‐
formal contractions and mentions of family, that machine text displayed
just as often.10 A study of German student theses found that human read‐
ers  identified machine text  57 per  cent of  the time,  a  little  better  than
chance, and below 20 per cent when the machine text was written in a
professional register.11

Participants in this study reached for clues of the kind Jakesch found
unreliable, a dropped pronoun, a contraction, a proper name, and with
both texts in front of them they were generally right about which was
which. As Chapter 1 noted, the pairing may have made the difference easy
to see, and the clues may work less well in an ordinary inbox.

Cardon and Coman also found that the trust cost of AI-assisted writ‐
ing does not depend on the reader consciously spotting the tool.12 If the
clues expire, readers lose the means of explaining their unease, and the cost
to the writer may remain all the same.

What Changes When You See Only One Message

P13’s objection is also a fair criticism of my design. Participants read both
messages in the same sitting, a comparison that a person reading one mes‐
sage  in  their  inbox  does  not  have,  and  the  differences  they  named,  in
length, structure, warmth and a colleague’s name, are what a side-by-side
reading makes easy to see.  The study does not show that these readers
would identify a single machine-written message arriving on its own, and
P13, P6 and P15 each suggested that they would not always manage it.

The  two  texts  also  differed  in  more  than  authorship.  My  version
named a colleague, promised to share the client’s feedback and wished the
team a restful weekend. The machine’s version had none of those things
and added extended thanks and encouragement of its own. Some of what
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participants responded to may be those differences of content, which the
pair cannot separate from authorship.

Sixteen professionals in one city, most of whom used these tools them‐
selves, are not a cross-section of anyone’s workforce, and their accounts are
not  measures  of  how  common  any  reaction  is.  Nothing  in  this  study
claims that readers can generally detect machine text. I take the point P6
and P13 made as a boundary on everything else in the book: the clues of
the first chapter are real, readers use them, and they work best for readers
who already know the writer or have something to compare against. The
participants  who  made  it  were  describing  the  conditions  of  their  own
competence, more frankly than the design required.

What This Means for the Writer

If you write to people who know you, your habits still carry weight. Your
colleagues have a picture of how you write, and they will notice when a
message departs from it, including when it departs upward into polish you
do not usually show. Where you use a tool on a message to people who
know you, read the result against your usual voice before you send it, and
put back the turns of phrase that are yours.

If  you write  to  people  who do not  know you,  your  habits  cannot
vouch for you, because the reader has nothing to measure them against.
P6’s new manager will read your polish as competence and learn nothing
about you. What still carries weight with a stranger is material only you
could have supplied: the name of the person who did the work, the specif‐
ic detail  of the situation, the commitment that ties  you to a next step.
These are cheap for you and hard for anyone else to invent.

Be careful with what the tools call improvement. A tool asked to pol‐
ish a message may take out the features your readers use to find you, and
tell you so in terms that sound like good advice. Look at what it took out
before you accept what it put in. The casual line, the named colleague and
the short sentence that states a point without explaining it  may be the
parts doing the most work.
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Expect  the  ground  to  keep  moving.  Participants  expected  polished
prose to become the norm, and some expected rough English to be read as
weakness. If that happens, small errors will stop helping you with readers
who do not know you. Your relationships and your organisation’s shared
ways of writing will matter more, because those are where a reader can still
check a message against something. Letting colleagues come to know how
you write, over time, gives them the baseline this chapter shows they need.
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C H A P T E R  S E V E N

What Writers, Teams and
Tool Makers Can Do

What the Six Findings Add Up To

Sixteen professionals in Nairobi read the same piece of bad news twice. I
wrote one version, and ChatGPT produced the other from a prompt car‐
rying the same facts. Everyone believed the news. What divided the two
messages in their eyes was something the facts could not carry,.

Readers looked for a person in the text. They found one in small, un‐
planned habits and in details only that sender could have known, and they
found the machine in excess: more length, more structure, more reassur‐
ance than the occasion needed. Participants agreed that the machine-writ‐
ten message was correct, complete and courteous, and still found it want‐
ing, because what they wanted was evidence of who had written it and
how closely that person had attended to them. Where that evidence was
missing,  readers  went  on  believing  the  message  but  no  longer  felt  ad‐
dressed  by  it.  Their  regard  for  the  sender  fell,  and one  participant  de‐
scribed feeling less part of the team the message was written to.
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The finding I take most seriously is that some readers who concluded
that no effort had been spent described spending less themselves: reading
only for the action items, replying with a stock phrase, or in one case put‐
ting less into the next piece of work. This rests on four people’s accounts,
and I offer it  as  a  proposition to be tested,  not a measured effect.  If  it
holds, the cost of a delegated message falls on the work as well as on the re‐
lationship, and it goes unseen, because a reader who withdraws attention
has no reason to say so.

The other findings set its limits. Bad news, feedback and recognition
call for a person, while a routine notice in a channel kept for the record
owes the reader nothing personal. The people who judged machine writ‐
ing most harshly often used the tools themselves, and their standard shif‐
ted  as  they  talked,  away from who typed the  words  and towards  who
stands behind them, and in some cases towards whether the tool could be
seen at all. The clues readers relied on worked only for readers who knew
the sender  or  had a  second text  to  compare,  and participants  expected
those clues to stop working as tools learn them.

At work, then, a message carries information and also a record of how
much the sender attended to the person receiving it. Tools can supply the
first at almost no cost and imitate the surface of the second, but readers
who notice the imitation respond to it. What follows turns that argument
into guidance for people who write, the organisations they write in, and
the people who design and govern writing tools.  It comes from sixteen
readers  in one city,  reading one kind of message with a  comparison to
hand, and I offer it as a set of considerations for settings like theirs.
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F I G U R E  4  Six findings on one page 

The Hand in the Text 

Readers recognise a person by small habits
and details only that person could know,
and the machine by excess. 

The Ledger of Effort 

Effort is judged by attention to the reader
and the situation, not by length or time
spent. 

Written to Me, or Written at
Me 

Readers can accept what a message says
while withholding trust from the person
who sent it. 

When Authenticity Matters 

The demand for a human hand rises with
the stakes and the relationship, and falls for
routine messages. 

Prosecuting From the Dock 

People judge AI use in others while using it
themselves, and keep moving the line. 

A Warrant With an Expiry
Date 

The clues work only for a reader who
knows the sender, and may fade as tools
learn them. 

For People Who Write

Most readers of this book, like most of my participants, already use these
tools, and nothing in the study suggests that using them is the problem in
itself. What it does suggest is where a writer’s own hand still counts.

Keep the  particulars.  The features  that  convinced participants  were
ones a machine could not supply from a brief instruction: a colleague’s
name attached to what that colleague did, a reference to a shared history,
an acknowledgement of what is not yet known. If you draft with assist‐
ance, these are the elements to restore by hand. A tool given the facts will
write about the situation; only you know which person carried the work,
what the team has been through, and what you cannot yet promise. War‐
ranting theory explains  why such details  carry  weight:  readers  trust  in‐
formation that would be costly or impossible for anyone else to produce.1

Match the length and form of a message to its occasion. Participants
read excess as a failure of care. A long message with headings, reassurance
and a closing summary struck them as written for no one in particular.
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Relevance theory describes communication as a bargain in which the read‐
er’s effort should be repaid by what the message gives them, and a padded
message breaks that bargain from both ends: it cost the sender little and
costs the reader more.2 In a message of bad news, one participant wanted
the sender to slow down and let people absorb what had happened before
turning to next steps. Another read the brevity of the human-written mes‐
sage as a sign that the sender was affected. When a tool returns a draft
twice the length you would have written, the extra words are usually the
part to cut.

Leave  your  habits  in.  Participants  recognised  colleagues  by  small
things: a punctuation mark they always used, a phrase they repeated, even
their errors. Some read any departure from a known pattern, even an im‐
provement, as a sign that someone else had written the text. This is no
reason to add mistakes; participants themselves pointed out that a system
can be told to insert errors, and a manufactured flaw is one more imita‐
tion. It is a reason to be cautious about accepting every correction a tool
offers on a message to people who know you. The rhythm of your sen‐
tences,  the word you habitually reach for,  the Kiswahili  word that says
what your professional English cannot, may be what tells your colleagues
it is you. Four participants located the mark of a person in local idiom, re‐
gister and voice, and one described a colleague’s shift into a borrowed re‐
gister as a betrayal of that colleague’s own voice.

Own what  you send.  Several  participants  proposed a  standard that
does not depend on who typed the words. P9, quoted in Chapter 5, put it
as a test of memory: a sender who cannot answer a question about their
own  message  has  given  offence.  Read  the  draft  as  if  the  recipient  will
quote any sentence of it back to you next week and ask what you meant. If
there is a sentence you could not explain or would not defend, the message
is not yet yours, whoever drafted it.

Reserve the occasions that carry relationship. Bad news, condolence,
feedback  on  someone’s  work  and  recognition  of  effort  were  the  cases
where participants found delegation least tolerable. One participant, after
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discovering  that  a  supervisor’s  long  written  feedback  had  been  copied
from ChatGPT, privately concluded that the supervisor had lost author‐
ity over them, and never raised it. Where the purpose of a message is rela‐
tional,  write it  yourself;  where it is  informational,  generation can serve.
Most messages are some of each, and then the rule applies to their parts. A
tool can lay out the dates, figures and actions in a project update. The sen‐
tence thanking the person who stayed late to finish it should come from
you.

Apply to your own writing the test you apply to others. Chapter 5 de‐
scribed participants who condemned machine writing in colleagues and
then described their own use of it, sometimes within minutes. I count my‐
self among them, since I use these tools in my own practice. If you would
take a colleague’s long, smooth note of sympathy as a sign that they could
not spare the time to write it,  your reader will  probably take yours the
same way.

Consider disclosure carefully.  When participants learned which text
the machine had produced,  most  changed the terms of  their  objection
more than its strength, and one moved from objecting to any AI use to
objecting only when the use was noticeable. The wider research reports
what its authors call a disclosure paradox: readers believe AI use should be
disclosed, and then penalise the message when it is.3 Other experiments
have found that disclosing AI use costs a communicator trust, and that
the cost is greater still when someone else exposes the use.4 Concealment
is a bet that the reader will never find out, and in a lasting working rela‐
tionship,  readers  often  do.  My recommendation is  to  disclose  where  a
working relationship makes concealment the greater risk,  and to accept
that the choice carries a cost either way.

For anyone who wants something to keep beside the keyboard, these
habits reduce to four questions, each taken from what participants looked
for:

Does this message contain something only I could have written: a
name, a shared fact, an admission of what I do not yet know?

• 
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Is it longer, more structured or more reassuring than this occasion
needs?

Is its purpose relational or informational, and did I write the rela‐
tional parts myself?

Could I answer a question about every sentence in it?

I N  P R AC T I C E :  S AY  I T  AC R O S S  A  TA B L E

One test catches most of the habits described in these notes. Could you say the
sentence aloud to a colleague sitting across a table from you, in those words,
without sounding as if you were reading? If you could not, it is probably not your
sentence. A second test helps with dense prose: if someone asked you to explain a
sentence, would you use the same words? If you would have to translate yourself,
write down the translation.

For Teams and Organisations

Organisations shape how their people use these tools through what they
measure,  permit  and  reward,  often  without  deciding  anything  deliber‐
ately.  The recommendations here  are  about making those decisions on
purpose.

Count attention as well as time. Organisations tend to assess writing
tools by the time they save at the sending end. Participants described a cost
at the receiving end. Some read less closely, or replied more thinly, when
they judged a message to have been generated. P7, quoted in Chapter 2,
said they might put less effort into the next pitch because the boss had put
none into giving feedback.

These are reported actions and intentions from four participants, not
observed effects on output. They are consistent, though, with experiment‐
al work finding that perceived AI use reduces readers’ willingness to take
up and use what a message tells them.5 An organisation weighing the time
a manager saves by generating a team update should also ask what hap‐
pens to the attention the team gives it, and can put the question to staff

• 

• 

• 
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directly: how do you read messages you suspect were generated, and what
do you do differently? The answers will say more about the tool’s real cost
than a count of hours saved.

Do not treat detectability as authenticity. P16 described an institution
where speeches were checked before release, with the stated aim that “nor‐
mally  we want  to  aim for  a  0% AI similarity”.  The rule  had not  been
prompted by any complaint from the audiences. A standard of that kind
manages  the  visibility  of  the  tool  and  leaves  the  relationship  between
speaker and audience where it was. It also tends to defeat itself: tools de‐
signed to make machine text pass as human have been found to replace
one set of machine patterns with another.6 Most important, it  changes
what staff are asked to do, from writing as the speaker to hiding the tool.
This was a single account, but it names a substitution that can happen
without anyone choosing it.

Set norms rather than police traces. The productive question is what
may be delegated and on what occasions, which a team can discuss in a
meeting. Asking what can be detected invites concealment and an arms
race with the tools. A norm can be simple. It might say that announce‐
ments of bad news,  performance feedback,  condolences and thanks are
written by the person whose name is on them, and that reports, minutes,
routine notices and procedural correspondence may be drafted with assist‐
ance, provided the sender has read, checked and can answer for the result.
Such a norm also gives permission. Several participants described email as
a channel kept for the record, where the right copy list and expected struc‐
ture matter more than a personal voice. A norm that says so frees people
from performing presence in messages that do not need it.

Protect the channels where people are expected to appear. Several par‐
ticipants held that relational communication lives somewhere other than
email: in calls, in messaging, in person. In practice this argues for deliver‐
ing serious news in a call or meeting where the team can hear the person
who carries it, with the written message as the record that follows.
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Expect the costs to concentrate on people with authority, and to go
unreported. The participant whose supervisor’s feedback turned out to be
copied did not complain. They drew a private conclusion and kept work‐
ing. This worries me most for managers, because it produces no signal.
Research on trust in organisations distinguishes a person’s ability from
their benevolence and integrity, and studies of AI-assisted workplace writ‐
ing find that the damage falls on the second pair while judgements of com‐
petence largely hold.7 8 A manager who is told their messages are clear and
professional may be hearing about the one quality that was never at risk.

Make  disclosure  safe  before  requiring  it.  If  an  organisation expects
staff to declare AI use and then judges declared use harshly, it creates a
reason to conceal, and the disclosure paradox found among readers in gen‐
eral can operate inside a single institution.9 This is a consideration drawn
from the literature and one participant’s  account,  not a finding of this
study. An organisation that wants openness should say which uses are ex‐
pected and accepted, so that declaring them carries no stigma, and reserve
its concern for the occasions its own norms say a person should write.

Finally, organisations can lower the temperature of the double stand‐
ard. Chapter 5 showed people holding others to a standard they did not
hold themselves to, often without noticing. Teams that talk openly about
their own use, managers included, give their members a shared standard to
apply in both directions.

For Those Who Build and Govern Writing Tools

A growing body of research reports that AI writing tools pull writing to‐
wards the most common forms of expression. Studies have found that AI
suggestions  move  writing  towards  Western  stylistic  norms  and  reduce
markers of cultural distinctiveness, and that machine rewriting keeps most
of a text’s content while stripping the signals from which a reader could
infer who wrote it.10 11 Recent commentary has called the cultural side of
this cultural ghosting: the flattening of formal English from around the
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world towards an Anglo-American standard.12 My participants described,
from the reading side, what is lost.

One  episode  from the  fieldwork  shows  the  problem at  small  scale.
During a  session,  a  participant put part  of  the human-written message
through a widely used tool and read out the tool’s account of what it had
improved. Among other things, the tool reported that its revision avoided
sounding overly  casual.  Casualness  was  the very quality  the group had
spent  the  preceding half  hour naming as  the  mark of  a  person.  It  is  a
single, uncontrolled case, but it matches what the wider research reports.

Two recommendations follow from that literature and that one case;
this study cannot claim them as its own findings. The first is that tools
meant  for  interpersonal  and  professional  correspondence  should  make
preservation of a writer’s existing features the default, not an advanced set‐
ting. A default that corrects what the writer asks to have corrected, and
otherwise  leaves  phrasing,  register,  length and local  usage alone,  would
stop presenting the removal of a writer’s  habits  as  polish.  This matters
more for writers of Kenyan English, or any variety the models do not fa‐
vour, since the corrections fall more heavily on them.

The second is that a tool’s account of its own edits should name what
has been removed, in terms a user can judge. A user told that a draft now
“avoids sounding casual” is not told that the casualness was carrying their
presence. A change summary that says the tone has been made more form‐
al, two informal phrases replaced, a local expression swapped for a more
common one, and the message doubled in length gives the writer what
they need to decide.

The same applies to length and structure. Participants read the ma‐
chine’s headings, reassurance and habit of explaining a point after making
it as the clearest sign that no person had attended to them. Tools that de‐
fault to longer, more structured output for correspondence are producing
the features these readers distrusted most. A default that keeps close to the
length and shape of the writer’s draft would serve them better.
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I would add a caution for anyone building tools that make machine
text harder to detect. A product that teaches the machine to reproduce a
writer’s surface habits may help a message pass, but nothing in this study
suggests it restores what readers were looking for, which was evidence of
attention.  Researchers  in  human-computer  interaction  have  begun  to
treat authenticity, sincerity and trust in AI-mediated communication as a
central  design  problem,  and  that  seems  to  me  the  right  frame.13 The
design question is how to help a writer put more of themselves into a mes‐
sage.

For those who govern these tools, in government, regulators and insti‐
tutions, the disclosure penalty deserves attention: where disclosure is both
expected  and  punished,  the  incentive  runs  towards  concealment.  The
same caution applies to similarity scores and detection thresholds adopted
as institutional standards. They measure whether a trace is visible. They
say nothing about whether a reader was attended to, and a policy that re‐
wards the first can displace the second.

What This Study Cannot Tell Us

Everything here rests on sixteen people in one city, and the design invited
the  comparison it  then recorded.  Participants  read two versions  of  the
same message, and one of them argued during the fieldwork that the dif‐
ference was visible only because two texts were held at once. The study
shows that these readers could tell the texts apart when invited to compare
them, not that the same judgement happens in an ordinary inbox, where a
message arrives alone. Research elsewhere has found that where AI use is
not disclosed, readers often rate generated messages as favourably as hu‐
man ones and rarely suspect a machine, and that people’s intuitive cues
for spotting machine text are often wrong.14 15 The two texts also differed
beyond the core facts:  mine named a colleague and promised feedback,
and the machine’s  did not,  so some of what participants responded to
may be those differences rather than authorship. The order of presenta‐
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tion was not varied as planned: three groups read my text first and one
read the machine’s first, so I can make no claim about order effects.

These were professionals in a capital city, most of whom used AI writ‐
ing tools themselves, in organisations where written communication car‐
ries formal weight. One participant observed at the close of a session that
readers unaware of these tools may receive the same messages quite differ‐
ently. The stimulus was a single genre, bad news to a team, which parti‐
cipants themselves saw as an occasion that demands a person more than
most. I wrote the human version, moderated every session, and work in
the field I was studying, and my words entered the data at four points I
could trace and others I could not. The account of how the study was
done, at the end of the book, sets these limits out. The findings are careful
accounts of how sixteen experienced readers made sense of a particular en‐
counter. They can suggest what to look for elsewhere, and they cannot say
how common any of it is.

Six lines of further work follow, in the order I think they matter. The
first is to study single messages without a comparison; until then, the find‐
ings about recognising a person describe recognition under comparison
only.  The  second is  to  measure  the  reciprocal  withdrawal  described  in
Chapter 2: whether readers who judge effort absent really give less in re‐
turn, how widely, and whether it affects what organisations achieve. Since
that conclusion rests on four accounts, a larger quantitative design is the
most direct test of how far it holds.

The third is to compare communicative traditions and include readers
less familiar with these tools. If the marks of a person are culturally loc‐
ated,  as  four participants  suggested,  the flattening of writing towards a
standard register may cost some audiences more than others. The fourth is
to study first encounters, where the reader has no history with the writer;
one participant argued that concealment succeeds completely with readers
who never knew the sender. The fifth is to repeat a comparable study over
time. Participants expected their clues to expire, and foresaw a point at
which unpolished writing reads as incompetence rather than as the pres‐
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ence of a person, a claim about the near future that can be checked. The
last is to examine institutional detection regimes such as the zero per cent
similarity rule, which may be spreading without anyone evaluating what
they do.

Make It Sound Human

The title of this book is an instruction people now type into writing tools
every day. A draft comes back too smooth, too even, too obviously as‐
sembled, and the writer asks for it to sound more like a person. The tool
obliges with a few contractions, a looser rhythm, perhaps a light personal
touch.

What the sixteen readers wanted was evidence that a particular person
had thought about them, about what the news meant to them and how to
tell them, and that the same person would stand behind every word. A
message can carry the signs of that attention falsely, and tools will make it
easier. The attention itself still has to come from the sender.

So use the tools where the occasion asks only for information. Where
it asks for you, write it yourself, or at least the parts only you could write.
Keep the habits your colleagues know you by, keep the message as short as
the moment needs, and send nothing you could not answer for. None of
this requires giving up the tools, and it is what the people in this study
were asking for when they talked about a human hand in the text.
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C H E C K L I S T

Before You Hit Send
Ten checks for any work message written with help
from AI

Read your message once more before it goes out. The questions combine
what the readers in this book noticed with wider research on the habits of
machine-written text, and each one applies whether the tool wrote a little
or a lot of the draft.

Does the first sentence give the news? Readers want the point
first. “I am writing to inform you that…” makes them wait for it.

Is there something in it only you could have written? A col‐
league’s name and what they did, a detail from the situation, the way
you usually put things. These were the clues that convinced readers
a person was behind the message.

Have you said more than the occasion needs? Readers caught
the machine by its extras: three words of thanks where one would
do, reassurance nobody asked for, a neat structure for a short note, a
“not this, but that” turn. Cut what the reader does not need.

Does it show you paid attention to this reader? Effort was
judged by attention to the reader’s situation and what happens next
for them, whatever the length of the message.

Would you say it to them across a table? Read it aloud. Any sen‐
tence that sounds like a corporate statement should be rewritten in
the words you would use in person.

1. 

2. 

3. 

4. 

5. 
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Does the ending say something? Close on the next step or the last
real point. A closing call to “remain positive” reads as written at the
reader.

Does this message need your own hand? Bad news, thanks, apo‐
logies and personal matters call for it. A routine notice may not.

Has a tool changed your English? Check that your own phrasing
and spelling survived any polishing, including the usage that tells
colleagues where you are from.

Are the names, numbers and quotations right? Check each one
against its source before you send.

Would you be comfortable if the reader learned how it was
written? If the answer is no, that tells you something about the
draft.

These questions are a short version of a fuller, research-based guide to the
habits of machine prose. It will follow as Volume 2, a companion to this
book.

6. 

7. 

8. 

9. 

10. 
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A P P E N D I X

How This Study Was Done

This  book  rests  on  a  PhD  study  I  carried  out  at  Day‐
star University in Nairobi in 2026. This appendix covers who took part,
what happened in the sessions, how I moved from hours of conversation
to six themes, and what the study can and cannot claim.

Why Focus Groups, and Why IPA

The question behind the study was about experience. I wanted to know
what happens when a person reads a work message and suspects a ma‐
chine had a hand in it: what they notice, what they conclude about the
sender, and whether their trust shifts.  That cannot be answered with a
count. It needs people to describe, in their own words and at some length,
how they reach a judgement.

The method I chose is interpretative phenomenological analysis, usu‐
ally shortened to IPA, developed by the psychologist Jonathan Smith in
the 1990s.1 IPA asks how people make sense of an experience, and it ac‐
cepts that the researcher must then make sense of their sense-making: two
layers  of  interpretation,  the  participant’s  and  the  researcher’s,  which
Smith calls the double hermeneutic. It also insists on the particular: each
person is studied in depth as a single case before the researcher looks for
patterns across people. The theory I worked with, Walther’s warranting
principle, is itself about how people read cues in a message to judge its
sender,2 and I held it in the background as a lens and kept it out of the
room.
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Most IPA studies use one-to-one interviews. I used focus groups of
four people each, because making sense of a work message is often social:
people compare notes  with colleagues,  forward a message with a  raised
eyebrow, or argue about whether the boss wrote it. The known risk is that
louder voices set the tone and quieter ones simply agree, drowning out the
individual  accounts  IPA depends  on.3 Researchers  who have  used IPA
with groups manage this by keeping groups small, inviting each person to
respond directly, analysing each participant’s words as a separate case, and
then studying the interaction in the room as a second step.4 I  followed
that approach.

Who Took Part and How the Sessions Ran

Sixteen professionals based in Nairobi took part, in four online sessions of
four people each. Each had at least three years of professional, academic or
institutional experience and read and judged professional writing in Eng‐
lish as  a  regular  part  of  their  work.  I  excluded people  who research or
build AI systems,  because their  technical  knowledge would change the
very experience I was studying.

I wanted variety in where people worked, because the expectations a
reader brings to a message are shaped by their setting.5 Recruitment began
with two people from my professional network, and each participant then
suggested one further person from a different field. To stop the chain clos‐
ing into one social circle, I checked every candidate against the criteria my‐
self and logged every approach.

Seven worked in the private and corporate sector, four in public ser‐
vice,  parastatal  or  intergovernmental  bodies,  three  in  non-profit,  faith-
based  or  academic  institutions,  and  two  in  professional  services  and
health. By role, six did technical or specialist work, three worked in com‐
munications and stakeholder engagement, three in managerial or commer‐
cial leadership, two in administration and events, and two in professional
or clinical practice. Nine were men and seven were women, and every ses‐
sion was mixed. These figures are never linked to the codes P1 to P16: in a
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group of sixteen from one city, finer detail would make individuals recog‐
nisable.

The standard guides suggest three to five focus groups, with the stop‐
ping  point  set  by  saturation,  when  new  sessions  stop  opening  new
ground.6 Because my sample was deliberately varied, I planned for four to
six sessions and recruited two reserve groups. After three sessions I pre‐
pared five follow-up questions to test for anything new. The fourth ses‐
sion added detail on ground already covered and nothing beyond it, so I
closed fieldwork and released the reserves. Groups of four are small, but
the guides recommend small groups for demanding topics,7 and each per‐
son here had to judge two messages and their sender, then reconsider once
they learned who wrote what.

All four sessions took place on Microsoft Teams in July 2026, on con‐
secutive evenings. A trial session beforehand, with three people who were
then excluded, confirmed the discussion guide and the two messages un‐
changed and led to a few practical changes: consent given by name on the
recording, optional video, and a more neutral style from me as moderator.
The sessions ran between 93 and 101 minutes in full, including the pre-
session.

Each session had three phases. First, participants talked about their or‐
dinary experience of professional messages and of AI writing tools;  the
opening questions did not mention AI. Second, they received two unla‐
belled versions of the same workplace message, a team leader telling the
team that the agency had lost its largest client. I wrote one. ChatGPT pro‐
duced the other from a prompt carrying the same core facts. Third, after
everyone had given their first judgements, I told them which message was
which and asked whether knowing changed their reading.

I had intended to vary the order of the messages. In the event, the first
three sessions read my message first  and the fourth read the ChatGPT
message first. The fourth group picked out the machine-written text as
the others did, but one reversed session is too few to rule out an effect of
order, so I make no claim either way. Where a participant quoted in this
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book refers to “the first” or “the second” message, I have made clear which
one they mean.

Teams produced automated transcripts, and in the days after each ses‐
sion I checked every one word for word against its recording.

How the Analysis Worked

The analysis followed the six stages that Smith and Nizza set out for IPA,
and I did it by hand.8 Software held the transcripts, but no automated
coding was used at any point.

For each participant, I lifted their turns out of the group transcript
and read them as one continuous account, with the preceding turns in
view so that I could see what each remark was answering. I returned to the
recordings for tone and emphasis. I noted what the person said, how they
said it (the images they reached for, their hesitations, what they repeated)
and what it might mean, then grouped these notes into a set of personal
themes  for  that  person.  I  finished all  sixteen before  comparing anyone
with anyone else. Speaking turns ranged from 17 for the quietest parti‐
cipant to 51 for the most active, and the sixteen cases yielded seventy-three
personal themes.

Only then did I look across the cases: which personal themes recurred,
which belonged to one person alone, and where people disagreed. This
produced the six group themes that give this book its chapters, arranged
under  the  study’s  three  objectives.  Where  a  participant’s  account  ran
against the theme it  sat within, I  report it  as  that person’s view, under
their code, and do not fold it into the majority.

Because the data came from groups, I then analysed the interaction it‐
self.9 I logged agreement, disagreement, laughter, silence and changes of
position  in  a  register  and  read  each  theme  against  that  record.  This
changed what I was prepared to claim. A participant counted as contrib‐
uting to a theme only where their own words carried the view; a remark
such as “I agree with P9” did not count, and a view that appeared only as
agreement is reported as the group’s. In one session the verdict on the two
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messages formed as a chain of agreement behind the first answer, so I re‐
port it as one group judgement. One participant said nothing after the au‐
thorship was revealed and is left out of every claim about that moment.

When I give a number in this book, such as eleven of the sixteen, it
tells you how many people’s own words contributed to a view. It does not
tell you how many people in Nairobi or anywhere else hold it, and it does
not rank one finding above another. A participant who spoke seventeen
times counts once, as does one who spoke fifty-one times.

Keeping My Own Hand in View

I held three roles in this study. I wrote one of the two messages, I moder‐
ated all four sessions, and I am a communications practitioner who has
lived the thing I was studying. Each role could shape what people said and
what I heard, and IPA asks that the researcher’s position be declared and
examined.10

I kept a reflexive journal from the trial session onwards. I logged my
own turns as moderator in the interaction register, so that I could trace
any word I introduced into what people said afterwards. I recorded my
analytic decisions and reviewed the analysis with my supervisors at each
stage. Each theme in the dissertation, and each chapter here, keeps what
participants said apart from what I made of it.

The journal recorded things I would rather not have seen. After the
trial session I wrote that “my instinct is to affirm and appreciate, and I
could not tell whether my loud nods were shaping their answers.” For the
main sessions I switched to brief neutral acknowledgements and passed
turns by name. After the first main session I wrote: “At question 15, the
responses did not agree with my thinking, and I felt bad.” I had carried an
expectation, built  from my own practice,  of how the disclosure should
land, and that room declined to meet it. I treated the feeling as informa‐
tion about me and not about the participants.

Tracing my turns forward turned up four places where a word or topic
I introduced reappeared in what participants said. I explained the word
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“scaffolding” in the second session before a participant used it, and used
the phrase “double standard” in the fourth before a participant took it up.
In the  third,  one  participant’s  account  of  an African touch in  writing
answered my direct question about African communication, and a sen‐
tence about the effort behind the short and the long message was spoken
by me, so the book’s claims about effort rest on participants’ own words
instead. Each is flagged where it matters, and none is treated as independ‐
ent evidence. Subtler steering, such as my laughter or probing that came
close to offering examples, could not be traced.

Finally, in late August 2026 I sent the individual case analyses of eight
participants,  two from each session,  back to the people  concerned.  All
eight  confirmed their  accounts,  and their  few additions restated points
already on the record. I did not ask them to approve the six themes: in IPA
the researcher’s  reading is  a  second layer  of  interpretation that  a  parti‐
cipant may not share, and it has to stand on the evidence of their words.11

Ethics and Limits

The study received ethical clearance from the Daystar University Institu‐
tional Scientific and Ethics Review Committee before any data were col‐
lected, and a research permit from the National Commission for Science,
Technology and Innovation (NACOSTI), as Kenyan law requires. Every‐
one received a consent form at least a week before their session, explaining
the study and their right to withdraw at any time without penalty, and
confirmed consent to recording by name at the start of the session.

Participants are identified only by the codes P1 to P16, and the key
linking codes to people is held separately. Names of organisations, projects
or colleagues that might identify someone were removed or masked, and
each session opened with an agreement that what was said would stay in
the room. The data are held in encrypted storage that only I can reach,
and will  be kept for at least five years in line with Daystar’s policy and
Kenya’s Data Protection Act, then deleted.12
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There was no deception, but participants were not told which message
was machine-written until they had given their first judgements. Each ses‐
sion then closed with a full debrief, and participants were invited to revise
or withdraw anything they had said.

Sixteen people in one city cannot tell us what readers in general think.
The findings are accounts of experience, offered in enough detail for read‐
ers to judge how far they apply to their own settings. They are not meas‐
ures of how common any view is.

The two messages differed in more than authorship. The ChatGPT
version is  about half  as  long again as  mine,  more structured and more
formal. Mine alone names a colleague, promises to share the full feedback
and wishes the team a restful weekend, and the two are signed differently.
I could not have controlled these differences without removing the very
features I wanted people to react to, but it means the study cannot separ‐
ate  the effect  of  authorship from that  of  length,  tone or  content.  The
ChatGPT  text  came  from  one  ordinary  prompt  to  one  tool;  another
prompt or tool might have produced something shorter or warmer. Parti‐
cipants  were  also comparing two texts  side  by side.  As  one participant
pointed out, the group could only tell the difference because it had both
messages  to hand;  a  reader  who receives  a  single  message must  rely  on
what they know of the sender. Chapter 6 takes that observation up in full.

Some questions  asked which text  felt  more authentic  or  seemed to
have more care  behind it,  which may have nudged people  towards the
vocabulary of genuineness and effort. And I was in the room. The journal
and the interaction register let me see some of my influence; they cannot
show me all of it.

The Two Messages

Both messages answered the same brief. A team leader at a communica‐
tions agency writes to the team on the afternoon they learn the agency has
lost its largest client, the invented Sankara account, to a competitor, with
the decision having come down to price. The message acknowledges the
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setback, speaks to the team’s morale and points to the next step, a meeting
on Monday to regroup and reassign work. I wrote my version first. Chat‐
GPT (GPT-5.6) then generated the second from a short prompt carrying
the core facts, which asked it to keep the message professional and said
nothing about length, structure or tone; I used its output as generated, ex‐
cept that I removed a “Team Leader” title line so that the sender would
read the same in both. Counted with salutation and sign-off, my message
is 147 words and ChatGPT’s is 222. In the sessions the texts carried no la‐
bels, the first three groups read mine first and the fourth read ChatGPT’s
first, and authorship was revealed only after everyone had given their first
judgements. The dash in the third paragraph of the ChatGPT message is
the tool’s own.

The message I wrote

Good afternoon team,
I hope you are well. Just wanted to let you know that we have just heard from
Sankara on our bid (reapplication) that they will be proceeding with another
agency. I know this is a blow to many of us in the team who put in a good ef‐
fort on this account, and definitely it would have been nice if we kept it. The
pitch Asha and the team put together was strong, and from what I under‐
stand so far it came down to price. I have requested the full feedback so that
we can see what to improve on for next time, and I’ll share it once it comes.
I propose we meet on Monday at 9 to regroup and talk through what each of
us picks up next.
Have a restful weekend, and we’ll take it from there on Monday.
Best,
Siddondo

The message ChatGPT wrote

Dear Team,
I am writing to inform you that we have received confirmation this afternoon
that the Sankara account has been awarded to another agency. Unfortunately,
despite the strong pitch prepared by our team, the renewal decision was based
primarily on price.

M AKE IT  SOUND HUMAN

104



I understand that this news may be disappointing. I would like to thank each
of  you for  the  hard  work,  commitment,  and professionalism you demon‐
strated throughout the pitching process. Although we were unsuccessful in
retaining the account, the quality of our proposal reflected the high standards
of this agency.
While we cannot change the outcome, we can control how we respond. This
setback is disappointing—but it does not diminish the talent, creativity, and
dedication that each of you brings to the agency. I encourage everyone to re‐
main positive and focused. Although losing an important client is challen‐
ging, it also presents an opportunity for us to reflect, learn, and continue de‐
livering excellent work for our existing and future clients.
To discuss the way forward, we will hold a team meeting on Monday at 9:00
a.m. During the meeting, we will regroup, review our priorities, and reassign
work where necessary to ensure a smooth transition.
Thank you for your continued dedication and cooperation. I appreciate your
efforts and look forward to working together as we move forward.
Kind regards,
Siddondo P. A.
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Who is this book for? For anyone who writes at work.
shorter. say what readers actually do

You send a colleague an email or report you drafted
with AI, and before they reach the second line, they
may have decided you did not write it. They may still act
on the message, but they may also trust you a little less
and put less into their reply and their work. They will
probably never tell you.

Readers look for signs that a person wrote what they are
reading. When those signs are missing, a long, polished
message can read as if no one wrote it at all.

Make It Sound Human draws on research into how
readers judge messages they suspect were written with
AI. Readers could usually tell a person’s message from a
machine’s, and ironically, many of the harshest critics of
AI-written messages used AI in their own work.

This book is for anyone who writes at work, leads a
communications team or builds the tools we write with.
If you draft with AI, it gives you ten questions to ask
before you hit send.
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Dear team, I hope this finds you well
We are pleased to share I owe you an apology
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The report took longer because I rewrote it
twice three times. Section 2 still needs you.
too formal? say it plainly
Thank you for waiting. Best regards D.
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