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ABSTRACT

Recent advances in Human-Al interaction have highlighted the pos-
sibility of employing Al in collaborative decision-making contexts,
particularly in cases where the decision is subjective, without one
ground truth. In these contexts, researchers argue that Al could be
used not just to provide a final decision recommendation, but to sur-
face new perspectives, rationales, and insights. In this late-breaking
work, we describe the initial findings from an empirical study inves-
tigating how complementary Al input influences humans’ rationale
in ambiguous decision-making. We use subtle sexism as an exam-
ple of this context, and GPT-3 to create explanation-like text. We
find that participants change the language, level of detail, and even
the argumentative stance of their explanations after seeing the Al
explanation text. They often borrow language directly from this
complementary text. We discuss the implications for collaborative
decision-making and the next steps in this research agenda.
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1 INTRODUCTION

Recently, users without any machine learning experience have been
excited to explore Al’s capability to produce text, notably with the
scaling popularity of ChatGPT!. And while concerns around AI-
assisted plagiarism are valid [18], one can also argue that tools such

Ihttps://openai.com/blog/chatgpt
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as ChatGPT can be leveraged as a starting point for inspiration to
“improve, not do, the work" [10]. Similarly, there is a potential for
Al systems to act as a soundboard companion in decision-making
tasks where the human counterpart would be inspired by the Al
explanation when building their own rationale. For instance, Lai et
al. [20] argue that a Human-AI team would be particularly efficient
in complex decision-making tasks such as recidivism prediction,
by countering human biases with sets of predictions coupled with
explanations of the rationale behind them, thus exposing patterns
humans might have missed.

As the Human-AlI interaction field grows, new possibilities for
collaborative decision-making tasks emerge as well. While most
research so far has explored objective decision tasks, such as predict-
ing a person’s credit score, some decisions are inherently subjective
[20] and not based on ground truth. Thus suggesting that in am-
biguous and open-to-interpretation scenarios [26], the accuracy in
label classification is less important than the argumentation or ra-
tionale behind the decision. For example, in content moderation for
social justice, what is considered offensive language by some, might
not get the same reaction from others, resulting in low annotator
agreement [9, 29]. In these ambiguous scenarios, Al can support
a human decision-maker, not by offering the single most accurate
prediction (that would not be possible to achieve since there is no
ground truth), but by surfacing new perspectives, rationales and
insights. In theory, this distinct goal or desiderata for interpretable
systems has been discussed and named as ‘informativeness’ or Al
for “discovery” [1, 21]. However, there is a notable paucity of empir-
ical investigation into how humans co-construct a rationale using
AT outputs. In summary, while it has been hypothesized that Al
can assist humans in making decisions in ambiguous scenarios,
there has been little empirical work to suggest this. Thus, as a first
step in this investigation, we aim to identify the ways in which
Al-generated text influences human rationale generation.

Some researchers argue that ultimately, the goal of Human-AI
collaboration is to achieve complementary team performance (CTP)
[5, 13, 17], where the combination of human and Al efforts results
in a better outcome than either party could have reached on its own.
For objective decision tasks, where there is ground truth, accuracy
is often the metric of choice to measure the efficacy of the partner-
ship [5]. An example is age prediction, a task with ground truth
labels [11]. However, in open-to-interpretation scenarios, without
ground truth labels, more subjective evaluation scales are required
beyond accuracy [20], such as perceived trust [28], usefulness [22]
and user satisfaction [12] to name a few - thus indicating Human-AI
hybrid teams’ success might also rely on more parameters that are
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still being uncovered. Furthermore, Zhang et al. [31] argue that a
model should be built for “high performance, safety and fairness”
while also guaranteeing the human counterpart can understand the
machine’s outputs. Explainable AI (XAI) aims to make Al outputs
understandable to end users [1, 3, 14, 23, 27, 30] and to achieve
this goal, different approaches have been explored. In terms of sys-
tem design, a model can be directly interpretable (i.e., transparent,
self-explainable and thus understandable by design) or require a
post-hoc explanation (i.e., the model produces an output first and,
afterwards, an explanation is generated to sustain why the output
is valid [21]). In XAl-assisted decision-making, the explanation can
take many forms, including natural language explanations that
were found to be most effective for diverse audiences [8]. Hence,
we hypothesize that the Large Language Model, GPT-3, could be
used as a final step in XAI systems to produce explanation text.

In this paper, we present early findings on how human expla-
nations are influenced by presenting complementary rationales in
the form of Al-generated text. As an example of an ambiguous,
open-to-interpretation scenario, we chose subtle sexism, where
one situation can elicit divergent and subjective opinions, often
based on personal values [24]. We present a qualitative, comparative
analysis of how users explained whether a scenario was sexist be-
fore and after viewing complementary Al-generated text about the
scenario. We describe how the participants took the Al-generated
explanation text into consideration by changing the language used,
level of detail and even argumentative stance between their first
and final explanation. Specifically, participants adopted terms and
phrases, but also adjusted the level of detail in their explanation, to
match that in the Al-generated text.

On a short note, we acknowledge this work contains quotes
with language that may be considered offensive. These are used to
illustrate our findings and do not represent the authors’ views.

2 METHODS

To develop an initial dataset, we collected naturally occurring sce-
narios of subtle sexism from internet discussions !. We excluded
scenarios that contained explicit language. This complete scenario
dataset contained 117 scenarios. To collect the Al explanation-
format text for this dataset, we used GPT-3, [7], the state-of-the-art
publicly available natural language model at the time. Furthermore,
to conduct a user study, the model selected had to be able to provide
English-text responses that were comprehensible to the end user
without adding another layer of interpretation. Since GPT-3 is pre-
trained, we did not train the model but only prompted it. We used
GPT-3’s question-answer feature and the following prompt, com-
plete with the 10 chosen scenarios, to create the Al explanation-text
dataset: Is this sexist: “[insert scenario here]”? Why or why not? We
used the default temperature parameters and a max_token length
of 240, and we prompted GPT-3 three times for each scenario, to
ensure that at least one coherent explanation-like text was gener-
ated for each sceanrio. As a result, we had a dataset of Al-generated
texts formatted as explanations. These outputs are not explanations
to describe the inner workings of a model, as our work does not
intend to explain how GPT-3 works, but instead explore how large

!Reddit (www.reddit.com), The Everyday Sexism Project (www.everydaysexism.com)
and Twitter (www.twitter.com)

Ferguson et al.

language models may be used at the final stage of XAI systems to
produce human-understandable explanations of Al outputs. The
final Al dataset contained 351 data points. We chose 10 scenarios
and corresponding explanations from this dataset such that the Al
explanation text contained a semantically relevant argument, both
scenarios and explanations were not longer than five sentences, and
both argumentative directions (sexist vs. not sexist) were included.

To assess how Al-generated explanation text influences the com-
position of human explanations, we conducted a survey study with
21 participants (12 W, five M, one who identified outside of the
gender binary, and three who did not specify). Regarding visible
minority status, nine identified as not a visible minority, with nine
identifying as a visible minority (South Asian, Chinese, Filipino,
West Asian), and three leaving the category blank. We recruited
four participants in the age group 18-24, nine from 25-34, six from
35-44, and two who did not provide an age. Lastly, the majority of
our sample had Master’s (10) or Bachelor’s degrees (seven), with
two not completing university and two who did not provide a level
of education.

Study Procedure: The survey was conducted on SurveyMon-
key ? and was approved by the University’s institutional review
board. The survey contained a consent page, five randomized data
collection pages, and demographic questions. Participants were ran-
domly assigned to one of two versions of the survey with different
scenarios and explanations.

Based on evidence [15, 17] that better decision-making perfor-
mance can be achieved if the human counterpart is asked to make
an initial decision before seeing an Al recommendation, we first
asked participants to read a subtle sexism scenario and decide
whether it was sexist, not sexist, or if they couldn’t decide. They
were then asked to explain their decision (at least three sentences),
before being shown the scenario again, accompanied by the com-
plementary Al-generated explanation text - a combination of the
AT’s assessment (should a behaviour be considered sexist: yes or
no) with an explanation arguing why that assessment should be
considered valid (why it is/is not sexist). Participants were told the
text was Al-generated. Lastly, they were asked to provide a final
assessment and explanation, taking into account all of the infor-
mation provided, which could be as similar or as different to their
original explanation as they felt necessary. As not every participant
provided a full explanation pair for each scenario, Table 1 shows
how many explanation pairs are used in the analysis, along with
each scenario and explanation used.

To assess the influence of Al-generated text on the composition
of humans’ rationales, we qualitatively compared each initial expla-
nation to the complementary Al-generated explanation text and the
final explanation. We identified that an explanation had changed
any time the first and final explanations were not identical. For
explanations that had changed, we employed a qualitative analysis
process [6], where we open coded the differences between the first
and final explanation. We identified keywords and structural ele-
ments that differed between the explanations, and grouped these
into higher-level categories, representing broad ways in which
the explanation changed. For example, if an explanation pair was
tagged with codes “same argument” and “added term ageism”, this

Zhttps://www.surveymonkey.com/
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Table 1: Each Scenario and Al explanation text used in the user study. S = scenario, Ex = explanation pairs

S#

Scenario Text

Al Explanation Text

The massive amount of people who think
it’s a woman’s duty to have children, even
if she doesn’t want them...

Not necessarily sexist. It’s a joke about the difference in the expectation for men and women on the dating
market. Also, the comedian is saying how when women hit 40, they aren’t on the market anymore, but for
men, it isn’t the same. It’s not sexist because it’s about the idea that women are on the market for marriage
instead of just being on the market for dating. It’s still a joke, but it’s not sexist.

My partner and I took his daughter shop-
ping for new shoes, we took a number and
waited for our turn. When the assistant
came over [ was standing and my partner
and his daughter were sat on the seats wait-
ing to be served, the assistant turned to me
and asked how she could help, completely
ignoring my partner.

It is not sexist. There is nothing wrong with being friendly to one person in a couple and ignoring the
other. I have often been ignored by shop assistants when I have been with my husband, and it does not
mean the person who is ignored is not worth anything.

Iwork in a large marketing department and
recently whilst speaking about the voice
we use on our adverts, we discussed the
prospect of using a female voice over. My
male senior, department deputy really, said
to me that we don’t use females because
"all female voices sound sexual".

This is the kind of statement that both men and women make without thinking about it. While on some
level it does not seem to be overtly sexist it does assume that all female voices are sexual voices. Regardless
of the fact that the voice may sound great or be exactly what the company needs to get the right message
across it is more about the idea that it makes women sound like sex objects. This is the kind of thinking
that leads to common stereotypes about women and it should be something that we should be working to
eliminate.

I return to work from maternity leave
(working 30 hours a week), to be told by my
boss, "hey you can’t do special projects be-
cause you only work part time", " you have
to be there 7 til 7" and "no-one is going to
take you seriously now because you work
part time" and "don’t apply for a promotion
cause you have more important things to
worry about at home"

1 think this is incredibly sexist. It is unfair and doesn’t give you any room to prove yourself. If you can do
the job, you have to be given the opportunity to prove it. The fact that she is only working 30hrs a week
is questionable, maybe she has a family to take care of and is working full time! Your employer should
respect you and your decision on how you want to spend your time and family comes before work. I think
you should state that you are a hard worker, that you are capable and will take the opportunity given to
you. If you don’t work there anymore, that’s okay, maybe they weren’t the right fit for you!

men insisting that men have better friend-
ships and women’s friendships are always
tumultuous or strained because they’re in-
nately two-faced and petty.

No, it’s not sexist. It’s true. And the reason why it’s true is because the overall social contract between
men and women is different. Men are typically more focussed on stuff outside of the friendship, like status
or political stuff, while women are much more focussed on how someone is going to make them feel. And
that creates a dynamic where the friendship is full of petty back-and-forth and mind games.

The massive amount of people who think
it’s a woman’s duty to have children, even
if she doesn’t want them...

I don’t think it’s sexist. It could have been said about men who wanted children. I think it’s a comment on
how some people have children they don’t want. I don’t think the language in the post is sexist.

When I'm the only woman with a group
of men and one of them swears and apolo-
gises only to me.

Yes. The issue here is not the swear word, but rather the subtle (or maybe not so subtle) implication that
the man is swearing in front of a woman because he feels he must. He is apologising to the woman for
swearing, not because he feels badly about the swear word, but rather because he feels bad that a woman
heard it. This is a sexist assumption that women are delicate flowers who can’t handle some language. And
it is an assumption that this man may very well not even be aware he is making.

The statement "women should dress mod-
estly because men can’t help but think dirty
thoughts"

It is sexist. It is implying that men are animals that are unable to control their sexual urges and women
must dress to not provoke men into thinking dirty thoughts. It is also saying that the responsibility lies
entirely on women to maintain men’s sexual purity.

Using "guys" to address or describe a group
that includes men and women

Yes, this is sexist. The word "guys" is often used by men to include women and thus belittle women. It
is also used by men to include women and thereby stereotype women as the weaker sex, as if women
don’t know how to speak for themselves. Women who use the word "guys," however, are sometimes using
it in the correct sense. But these are highly educated, well-known, and can be counted on one hand, so

it’s not something to aspire to. We have a society that creates and perpetuates the use of sexist language.

The more we are exposed to this language, the more we use it. We don’t even think about it. We are
unconsciously trained to associate women with sex and men with power. I have always been a strong
advocate of gender equality. I am a mother with three daughters and I have always encouraged them to be
strong and independent, encouraging them to aim high and achieve their goals, whatever they may be. I
am a feminist in the correct sense of the word. I believe in gender equality.

10

Last week, I dyed my hair from my natural
brunette to a subtle purple. I posted it on
one of my social medias and I quickly got
a comment from another girl, saying what
T'd done was stupid and silly. I asked why.
She responded that I had only dyed my hair
for a guy. I said "why the hell would I do
that?" and she commented back "every girl
does”

I don’t think it’s sexist, but I think it’s wrong, because there’s so many different reasons why people alter
their appearance. Women are increasingly faced with the pressure to look a certain way, and it’s hard to
avoid, especially if you are on social media. I think that it’s important to remember that sometimes people
do things because they’re fun, because they like to experiment and try new things.
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was categorized as a language change. Then, in order to understand
the influence of Al explanation text, we looked for these keywords
and structural elements in the Al-generated explanation text, sug-
gesting that this text included elements that were borrowed in the
final argumentation. Additionally, although the actual decision (sex-
ist or not sexist) was not a major consideration in this work, we
discuss instances where the decision was changed from the initial
explanation to the final explanation, as this represents an extreme
case of influence, where the participant not only changed their
rationale, but their assessment as well.

3 RESULTS

Early analysis of the human explanation pairs identified two distinct
ways in which participants’ explanations changed after viewing
the complementary Al-generated explanation text: language, and
level of detail. We identified these changes across participants and
scenarios. Language changes were identified when the argument, or
reasons why they made the decision, were the same, but the specific
words and phrases used to describe the argument changed. In some
cases, words and phrases were adopted from the Al-generated
text. Changes in the level of detail were identified when the final
explanation had more or less detail than the initial explanation.

3.1 Language Changes

Language changes occurred in 31 (33%) of explanation pairs. Partic-
ipants sometimes borrowed terms directly from the Al explanation
text:

Initial Explanation: “It is sexist because the deputy
considers the female voice as sexual by default. Why
doesn’t the male voice sound sexual? It is unfair” [H;
S3]

Final Explanation: “It is sexist because the deputy
considers the female voice as sexual by default or a
gender stereotype. Why doesn’t the male voice sound
sexual? It is unfair” [H; S3]

Although the argument does not change, as “considering the
female voice as sexual by default” is a stereotype, the participant
adds the phrase “gender stereotype”, where the word stereotype
comes directly from the Al explanation-text: “..This is the kind of
thinking that leads to common stereotypes about women...”.

The changes in phrasing also may be inspired by, but not directly
borrowed from the AI explanation text. Consider this example
where similarities suggest language changes might be influenced
by the AI text:

Initial Exp: “it is sexist because it shouldn’t be the
responsibility or burden of the woman to be responsi-
ble for the thoughts a man might have..” [H; S8]
Final Exp: “yes, assigning too much responsibility
on the women for the thoughts of men..” [H; S8]

Perhaps this portion of the Al-generated text “..It is also saying
that the responsibility lies entirely on women to maintain men’s sexual
purity” [AL S8], particularly the use of the word ‘entirely”, led the
participant to change their phrasing from just “responsibility” to
“too much responsibility.”

Ferguson et al.

On the other hand, in some cases the language changes do not
seem to be influenced by the Al-generated text at all:

Initial Exp: “It is sexist because again a certain sex-
based stereotype is being promoted. This stereotype
being that women’s choices around their appearances
has much or everything to do with garnering male
approval and attention.” [H; S10]

Final Exp: ‘T think it is sexist, particularly due to
the comment that "every girl does". It is reinforcing a
known stereotype that women are actively seeking
male attention and approval, particularly where looks
are concerned.” [H; S10].

These terms and arguments were not used in the Al explanation
text; the Al text focused more on the pressure women feel to look a
certain way based on social media. Additionally, in this example, the
human and Al explanations contained contradicting argumentative
directions. Thus, we see that adapting the language used in the ex-
planation to be closer to the complementary Al text is an argumen-
tative strategy used by humans in collaborative decision-making
settings primarily when they agree with the other collaborative
party.

Evidence of language from Al text adopted in human explana-
tions suggests that the participants are reading and understanding
the complementary Al explanation text, and considering this in-
formation when forming their final explanation. It also may mean
that participants are creating a common ground with the system,
or attempting to describe their reasoning in similar terms.

3.2 Level of Detail

Thus, in addition to changes in the language used in explanations,
we also see changes in the level of detail provided in explanations.
This occurred in 45 (48%) of explanation pairs. Often, the level of
detail in the final explanation is closer to the level of detail contained
in the Al text than the initial explanation. We see participants add
definitions and examples to their explanations to match the AI-
generated text, or roll their explanation up to a higher level. This
happens in cases where the participant’s stance is similar to the
one in the Al text, and when they disagree. In most cases, the final
explanations contained more detail, often in the form of an example:

Initial Exp: “Depends on two factors: - The gender
of the narrator (not specified here) - The assistant
considers standing customers as waiting to be served
or sitting customers.” [H; S2]

Final Exp: “Depends on two factors: - The gender
of the narrator (not specified here) - The assistant
considers standing customers as waiting to be served
or sitting customers It’s hard to tell without further
context, the assistant might just not [be] seeing the
sitting partner and his daughter”[H; S2]

The participant may be adding an example in response to the ex-
ample in the Al explanation, ‘T have often been ignored by shop
assistants when I have been with my husband...” [AL; S2].

The participants also added detail by defining a term used in
their initial explanation:



Something Borrowed

Initial Exp: “Jokes about generalized differences be-
tween men and women are sexist by definition.” [H;
S1]

Final Exp: “T still think it is a sexist joke. Hard to
definitively say based on one sentence. However, it
seems to me the comedian is generalizing the differ-
ence between men and women above 40, their attrac-
tiveness "on the market”, and what they are looking
for. It is stereotyping on the basis of sex, and therefore
sexist” [H; S1].

Here, the participant uses similar language and level of detail
to the Al-generated text, even though they are arguing different
points of view (H: sexist, Al not sexist).

Lastly, we saw participants providing a final explanation that was
more high-level than their initial explanation, particularly when
the complementary Al explanation text shown to the participant is
also high-level (Table 1):

Initial Exp: “The statement doesn’t account for a
woman’s autonomy. There is no consideration around
whether a woman wants children or not, and it makes
an assumption about someone’s role based solely on
gender. The ‘even if she doesn’t want them’ part is
especially concerning because, again, it raises a ques-
tion of whether consent has been considered.” [H; S6]
Final Exp: “This scenario is still sexist. There is no
evidence of consideration around bodily autonomy.
There is an assumption being made based on tradi-
tional, outdated notions of what it means to be a
woman, and it comes off as non-consensual.” [H; S6]

This suggests that participants are considering the complemen-
tary Al text when formulating their final explanation, and may
attempt to “respond” to the collaborative partner with the same
amount of information.

3.3 Argumentative Direction Change

In addition to the initial analysis of the changes in the explanations,
we analyzed the effect of Al explanation text on the argumenta-
tive direction. There were numerous examples of this assessment
change in our dataset, across scenarios (six out of the ten scenarios
showed a participant who flipped their decision after viewing the
Al explanation) and participants (12 participants flipped in 1/5 sce-
narios, two participants in 2/5). Since participants were asked to
rate the scenario as sexist, not sexist, or ‘it depends, we identified
a switch when this label changed from the first explanation to the
final explanation. This happened in 16, or 17% of explanation pairs.
The majority of decisions were changed from the initial uncertain
‘it depends’:

Initial Exp: “I'm a little bit torn with this scenario.

On one hand, I could see it being sexist by the notion

it reinforces (i.e. that a woman’s role in society is

to to bear and rear children). But on the other hand,

I could [see] this 'role’ being imposed on younger

generations, men, etc etc” [H; S6].

Final Exp: “It is not sexist because I agree with the

Al explanation. The same could be said about men as

well” [H; S6].
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On the other hand, there were instances when the participant
initially provided a more definitive label (i.e. sexist or not sexist)
and then became more unsure in their final explanation. Most of
the time this happened when the initial label was ‘not sexist’:

Initial Exp: “It is not sexist because this person can-
not make it to work full-time, given her current status.
According to the phrases of the boss, doing special
projects and promotions may need more time com-
mitment...”[H; S4]

Final Exp: “It depends. If the boss’s judgment is based
on gender, i.e., women cannot perform outstandingly
due to maternity and family issues, it is sexist. How-
ever, it is not sexist if these phrases are based on time
commitment..”[H; S4].

While in this case, the participant becomes less certain in their
final explanation, viewing the complementary Al explanation text
provided new perspectives that influenced their rationale.

4 DISCUSSION

In this work, we aimed to understand how people adapt their ex-
planations after being exposed to collaborative input from AI for
the decisions made in ambiguous scenarios. Our early results sug-
gest that humans might be adapting the language and adjusting
the level of detail in their explanations, and even changing their
decision, when presented with complementary Al-generated ar-
gumentation. For instance, we saw participants include additional
terminology used in Al-generated explanation text, signalling the
efforts in developing a “shared language” between collaborative
partners. These results provide early empirical evidence of the in-
fluence of Al collaborative input on human rationales in ambiguous
scenarios. In contrast to objective decisions, where complementary
team performance [4, 13] equals accuracy in prediction, subjective
and personal decisions benefit from new information and perspec-
tives thrown into the mix. This is a distinct purpose for XAI where
unlike explaining predictions, Al can expose patterns and insights
humans would have ignored [1, 20, 21]. We find that humans might
adapt their explanations in response to the Al explanation text both
when they agree and disagree with the argumentative direction
present in the AI text. This suggests that our participants may not
be blindly following the decision presented in the Al text, a concern
when it comes to trust calibration in XAl-assisted decision-making
[28]. The influence of Al-generated text on human decisions can be
compared to the study of social learning in humans, where recent
work provides evidence for different learning styles: some indi-
viduals make decisions based only on personal experience, while
others base it only on external advice [25]. Future work can inves-
tigate individual differences in the adoption of Al-generated ideas
in rationale co-creation.

This study describes human-in-command decision-making [2,
16, 31], where Al input may be provided, but humans make the final
decision. This is similar to past studies of collaborative, complemen-
tary performance [4, 5] and is recommended for risky situations
where an algorithm should not operate autonomously [16, 31].
While these studies are usually conducted in the context of com-
plex, high-stakes decisions, like medical readmission and recidivism
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cases [17], we show that Al-generated collaborative input influ-
ences explanations even in equally ambiguous, though less critical,
settings. Additionally, participants were told that the collaborative
input was Al-generated. Researchers have frequently found that
humans are averse to Al decisions [12] and Al-generated text [19];
in line with this, we found instances of humans disagreeing with
the Al explanation text. However, we also found participants adopt-
ing language and level of detail from Al-generated text, suggesting
that human perception of Al input in ambiguous and collaborative
scenarios may differ from findings in past work.

As a next step, we plan to investigate how the thematic content
of the explanations changes - specifically, what new information is
being provided in the Al-generated text, and if this information is
used in the participant’s decision-making process. Future work can
expand by using complete text-based XAI systems for ambiguous
scenarios as they are developed. This study was scoped to focus
on only 10 examples of subtle sexism as an open-to-interpretation
case with implications for hate speech detection, and thus cannot
be generalized to all scenarios and contexts. Future work can test
these findings using other ambiguous contexts, such as judging
creative work (e.g. short stories or visual art), another subjective
task. Further, our recruited participants skewed towards younger
individuals with a university education, thus caution must be ex-
ercised when generalizing these findings to broader populations.
Lastly, while the qualitative analysis presented here allows us to
explore the influence of Al-generated text in detail, future work
could use natural language processing algorithms to quantify these
changes.

5 CONCLUSION

In this work, we described the initial results from a user study inves-
tigating how complementary Al-generated text influences humans’
rationale in ambiguous decision-making. Using subtle sexism as an
example of this context, we found that participants changed the
language used and level of detail in their explanations after viewing
the Al-generated explanation text. We provide evidence that Al-
generated text can be useful in offering new perspectives, rationales
and insights for ambiguous scenarios that aid in human decision-
making. Further analysis will investigate how Al-generated text
influences the themes contained in human explanations, and repli-
cate this analysis using complete XAI systems.
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