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Abstract

Large Language Models are often trained on data reflecting neu-
rotypical norms, yet are increasingly deployed to support neuro-
divergent users in sensitive domains like job-seeking. We exam-
ine interactions between neurodivergent job-seekers and a GPT-4-
powered career support chatbot through the lens of misalignment.
Through analysis of over 300 chat logs and interviews with 15
neurodivergent participants, we found that the chatbot frequently
misrepresented users’ skills, imposed neurotypical language and
expectations, and provided generic or inappropriate advice— even
when relevant user data was available. Participants expected the
chatbot to interpret implicit insights from their data, however, they
sometimes lacked the clarity or confidence to correct the system
when it did not, revealing gaps in both Al design and user under-
standing of system function. Our findings underscore the need for
bi-directional alignment between neurodivergent users and LLMs,
and call for design strategies that integrate neurodivergent perspec-
tives and preferences to ensure more authentic, personalized, and
human-centered Al support.
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1 Introduction

Large Language Models (LLMs) are primarily trained on data that
reflect normative, neurotypical worldviews [13, 49], despite their
ever-growing ability to provide recommendations to users’ needs
through open-ended and natural conversation [32, 34, 39, 48]. Re-
cent HCI research has found that LLMs not only inherit human
biases, but also represent marginalized groups as more homoge-
neous, a phenomenon that can reinforce stereotypes of these popu-
lation [49], and might result in outputs that suggest and perpetu-
ate neurotypical norms [18]. In the case of neurodivergent users—
individuals whose cognitive functioning diverges from societal
norms, including those with ADHD, autism, dyslexia, mood disor-
ders, anxiety disorders, intellectual disabilities, and other natural
neurological differences [9]- this imposition of neurotypical norms
can result in significant psychological harm [25, 77], as it can cause
internalized oppression, where the neurodivergent individual inter-
nalizes the constant differences between their worldview and the
normative worldview as negative [11, 63]. This can lead to reduced
self-efficacy, well-being, and sense of self for this population [65].

Historically, bias emerges in technologies and algorithms when
the users have significantly different characteristics from the pop-
ulation that is assumed to use it, such as differences in values,
experiences, or world-views [23]. While there has been some HCI
work that seeks to capture and design for the values and experi-
ences of neurodivergent technology users [7, 19, 29, 35, 45, 53, 72],
there is a lack of extensive research focused specifically on how mis-
alignments between user values and system outputs can affect their
well-being, self-perception, and interaction outcomes in highly spe-
cific contexts. This research gap has significant consequences, as
much research has shown that neurodivergent individuals have
different lived experiences and preferences in contexts such as
learning [78], employment [53], and online housing search behav-
iors [46], all contexts that have significant effects on quality of
life.

LLMs such as ChatGPT are increasingly used by neurodivergent
individuals in sensitive domains like employment, relationships,
and emotional well-being [18, 19, 33]. In the workplace context,
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prior HCI work has shown that LLM-based agents are capable of
providing situationally-appropriate emotional support in real time
during challenging workplace situations [20], and that neurodiver-
gent individuals want workplace systems that adapt to their unique
lived experiences and strengths [29]. Regarding job-seeking and ap-
plication support, some companies have introduced LLM-powered
chatbots designed to support autistic and other neurodivergent
users in specific, high-stakes contexts such as job-seeking [1]. How-
ever, neurodivergent users often face unique social and institutional
barriers to employment [52, 70], and inaccurate or misaligned Al
recommendations can intensify these challenges. Since employ-
ment plays a critical role in supporting neurodivergent individuals’
well-being [26, 56, 66], it is essential that Al systems offer support
that is both contextually accurate and aligned to users’ values and
lived experiences [18, 24].

Yet, while these chatbots may achieve fluency in conversa-
tion [41], general pre-trained LLMs often fail to provide the specific,
context-aware, and personalized recommendations that neurodi-
vergent users need and seek [38]. Prior work has shown that such
systems may suggest masking behaviors or disclose diagnoses in
inappropriate contexts, thereby misaligning with users’ identities
and needs [36]. Compounding this, neurodivergent users frequently
exhibit a high degree of trust in technology [19], which increases
the risk of harmful real-world consequences when guidance is mis-
aligned [10]. Despite a growing interest in neurodivergent-centered
LLM applications, much of the research remains focused on surface-
level usability rather than examining how and why misalignments
arise. We argue that focusing on misalignment offers a powerful
methodological and analytical lens. This lens can offer insights into
the breakdowns in value representation, interaction expectations,
and contextual reasoning within the human-AI interaction. In this
study, we use the lens of misalignment to surface and examine these
breakdowns in real-world interactions, identifying critical failure
points and informing the design of more inclusive, adaptive, and
value-aligned Al systems that more accurately reflect the goals and
lived experiences of neurodivergent job seekers.

In this work, we aim to understand neurodivergent users’ expe-
rience and perceptions of their interactions with a neurodivergent-
specific job-seeking support chatbot. Through analysis of 348 real-
world chatbot interactions from a neurodiversity-focused career
support startup company, and interviews with 15 participants, we
examine users’ values and expectations in the context of the job-
seeking interaction, assessing the extent to which the chatbot’s
responses aligned with them and collaboratively uncovering the
misaligned assumptions shaping its outputs. We report that partici-
pants frequently experienced misalignments related to the chatbot’s
overgeneralized advice, neurotypical framing of skills and expecta-
tions, and failure to adequately incorporate or interpret profile data.
These misalignments often resulting in inauthentic, unhelpful, or
even discouraging responses. Ultimately, our contributions to the
human-computer interaction (HCI) community include a new per-
spective to understand human-Al interactions between LLMs and
neurodivergent users and design implications to facilitate alignment
of outcomes for this population in job-seeking support chatbots.

Hall, et al.

2 Related Work
2.1 AI Alignment

Human-AI alignment is defined as the design and training of Al
systems to exhibit behaviors that are consistent with human values
and intentions [37]. Recent HCI research has shown that aligning
AT and human interests can increase collaboration outcomes with
Al across several dimensions, including specification of goals, exe-
cution of processes, and interpretable evaluation [75]. For systems
such as chatbots, linguistic alignment (i.e., matching user style and
domain knowledge) is particularly important for user interactions
to reduce frustration and increase satisfaction [74].

As stochastic parrots— systems that echo statistical patterns from
their training data rather than understanding meaning-large lan-
guage models (LLMs) are fundamentally limited in their ability
to genuinely reflect individual needs [13]. Given their scale and
training practices, it is impractical to expect such models to per-
fectly align with any single user’s context, such as serving as a
job coach specifically tailored to neurodivergent job-seekers. How-
ever, existing models can be fine-tuned to retain general language
modeling capabilities while demonstrating preferences towards
domain-specific specializations. Even in situations where datasets
are small (relative to the large-scale text corpora used to train mod-
ern LLMs), techniques such as Reinforcement Learning from Hu-
man Feedback (RLHF) are effective ways to align LLM outputs with
intended responses [50, 61]. However, RLHF requires expert-quality
annotations of model responses. Even when the LLM itself cannot
be modified, there are still many ways to improve LLM alignment
by improving the quality of the prompt fed to the LLM, a subfield of
NLP more generally known as prompt engineering [68]. For exam-
ple, including example inputs and outputs in the prompt, known as
in-context learning, provides information to the LLM for what kind
of response to output and improves overall output quality [58]. The
value of in-context learning is heavily determined by the selection
of high-quality and diverse examples [67, 83], which is of particular
importance to ensure that specifications unique to specific niches
such as neurodiverse job seeking support are represented. Addi-
tionally, when dealing with complex tasks such as job coaching,
explicitly asking LLMs to break down reasoning into smaller, ex-
plainable steps improves both performance and interpretability of
the corresponding output [80].

2.2 Alignment & Neurodivergent Users

While fine-tuning and prompt engineering are effective methods
of model adjustment [6, 51, 64], they require specific and extensive
data. However, previous HCI research as found that when LLMs are
employed to generate descriptions or representations of disabled or
neurodivergent groups, they tend to reinforce stereotypical biases,
as the training data that is available is predominantly authored
or shaped from a neurotypical point of view [5, 24]. Due to the
lack of niche and contextualized training data on neurodivergent
job-seekers’ experiences and perspectives specifically, existing tech-
nologies will be aligned to data that is grounded in neurotypical
perspectives and assumptions, which can result in poor experiences
for neurodivergent users [12, 18, 36].
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AT alignment is typically framed as singularly designing Al sys-
tems to fit human needs, however, Shen et al. propose that align-
ment can be bi-directional in interactive systems by educating hu-
man users about how to better utilize and interpret Al systems [71].
Similarly, Norman posited that if a system can represent its state
effectively and that state matches the state of the user, better user ex-
perience can be achieved [59]. When applied to LLMs, researchers
have found that this remains true, emphasizing that user men-
tal models of the system are equally as important to address as
the system’s alignment to the user [55]. Therefore, we adopt a
bi-directional perspective in our research lens to identify specific
instances of misalignment from the perspective of the system and
the neurodivergent job-seeker.

Bi-directional alignment has been explored in HCI between a
human and a computer [22, 79], and between virtual agents [62].
For LLM design, Wang et al. found that utilizing linguistic analysis
on user inputs can allow a LLM conversational agent to automati-
cally identify the user’s mental model of how it works, and opens
design opportunities for the system to help correct their mental
model [79]. While this research is advancing the Al capabilities in
terms of mutual understanding between the user and the system, it
does not take into account communication styles or preferences of
neurodivergent users, which could exhibit different characteristics
than neurotypical users [17]. Building on this foundation, our work
extends the concept of bi-directional alignment by specifically ex-
amining how misalignments between neurodivergent job-seekers
and LLM chatbots emerge, and how LLMs can be adapted to facili-
tate both human and technological alignment.

2.3 Job-Seeking Support for Neurodiversity

Much HCI research has demonstrated both the need and effective-
ness of understanding the neurodivergent community and their
relationships to technology [31, 36, 42—44, 47, 53, 54]. Hall et al.
demonstrated how the employment space is a context where the
expectation and reality of neurodivergent employees are different,
sometimes adversarial, and how technologies for this group need to
be designed explicitly to support neurodivergent employees’ values
and work-related goals in order to not undermine or impact their
agency [29].

We extend this work by investigating job-seeking activities, such
as generating cover letters and applying to job posts. We posit that
investigation of LLM use in this design space is a good example of
misalignments between the technology and neurodivergent users’
perspectives because other HCI research has shown that there exist
significant differences between the neurotypical and neurodiver-
gent job-seeking experiences, however, the technologies align more
with the neurotypical experience. For neurodivergent job-seekers
in particular, searching and filter functions on common job sites
reflect neurotypical standards [8], and Al screening and recruit-
ment tools exhibit bias in their algorithms towards this group [60].
These challenges represent a larger problem within society stem-
ming from professional practices being rooted in normative social
behaviors and expectations, while not considering or attempting to
understand neurodivergent perspectives. We posit that these social
and technological challenges result in misalignment in LLM outputs
for neurodivergent job seekers, and aim to understand where the
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misalignments manifest in real-world, LLM-supported job seeking
activities.

Some companies are making efforts to bridge this gap by connect-
ing directly with neurodivergent job-seekers and inclusive employ-
ers committed to supporting diversity into their workforce [1-4]. As
more companies utilize Al in their platforms and business models to
support neurodivergent job-seekers, the importance of developing
Al systems that can better align with the unique needs of this group
cannot be understated.

3 Methods & Analysis

To conduct this study, we partnered with an online neuroinclu-
sive employment platform with over 46,000 neurodivergent job-
seekers [1]. Partner companies post neuroinclusive jobs directly
to the platform, and job seekers are matched accordingly. At the
time of the study, the platform was piloting an LLM job-seeking
support conversational agent, powered by GPT-4, to provide sup-
port for neurodivergent users’ job application processes such as
cover letter writing, career direction support, and interview prepa-
ration. This conversational agent was developed, deployed, and
maintained by the platform, not researchers. We will refer to the
conversational agent as “the chatbot” in subsequent sections. With
IRB approval and the platform’s permission, we collected and exam-
ined conversations with the chatbot, and subsequently conducted
interviews with real users. Below, we describe additional details of
the neurodivergent career matching platform’s chatbot setup.

3.1 LLM Job-Seeking Support Chatbot

3.1.1 Chatbot Persona. Large language models see increased per-
formance when prompted to take on a persona before answering
complex questions (i.e., “You are a leading expert in mathematics.
How would you prove the following theorem?”) [28, 76]. When
users start a conversation with the chatbot in this study, they see a
simple initiating question based on one of four conversation top-
ics (Career Advice, Writing a Cover Letter, Interview Preparation,
and Writing a Professional Email). On the backend, the chatbot is
prompted with a complex job-coach persona description and also
provided access to information from the user profile, which is cre-
ated by users upon making an account with the platform. This
includes relevant information such as previous job history, work
preferences and interests, skills and experience, strengths, and di-
agnosis information. For privacy and anonymity purposes, exact
language and details of the backend prompts to the chatbot are not
reported in this paper. See Figure 1 for a visual summary of the
backend and frontend processes.

3.2 Recruitment & Chat Log Collection

After IRB approval and approval from the platform’s legal team, the
platform provided our research team with de-identified chat logs
from the chatbot users who consented to participate in our study.
The time period of collection was October 2023 through February
2024. All user names and identifying data within the chat logs were
redacted prior to delivery by the platform’s development team.
The purpose of analyzing the chat logs was to understand what
types of questions neurodivergent job-seekers asked a job-support
chatbot, and inform specific questions for qualitative interviews
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e Chatbot text construction

Persona text

User information text
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[Persona prompt directing chatbot to approach the conversation as a support to neurodivergent job seekers.]

[user name]'s pronouns are... [User name] is located in... [User name] self-described bio intro is... [User name]

self-described strength is... [User name] self-described values are... [User name]'s work experience is... [User

name]'s education background is...

@ User selects a topic

& Chatbot

How can | help today

: Write a Cover Letter Write a Professional Email Prep for an Interview Find My Career Path :

Hi, [User name]! How can I help you find the ideal career?

User

Hi [Chatbot name]! | am looking for help with my career transition.

° Chatbot initiates chat

i Chatbot
ao

Hello, [User name]! I'm here to help you with your career transition. Can
you tell me a bit more about what type of career you're interested in
transitioning into? Are there any specific industries or roles that you're

drawn to?

Figure 1: Example of the backend chatbot persona prompting and the front-facing user interaction.

with the participants. Data sets included a de-identified user ID,
a de-identified chat session ID, chat topic selected by the user,
timestamp information, the user’s profile information (including
work experience, resume, interests and diagnoses), and message
texts to and from the chatbot. Upon initiating a conversation with
the chatbot, the user is prompted with a pop-up that asks if they
would be willing to particpate in a University research study that
seeks to understand their chatbot experience. If the user selected
YES to this question, researchers assessed their data for inclusion
criteria (discussed below), and sent the de-identified user IDs back
to the platform team. The platform team then sent an email to
the user that included a study description, IRB-approved consent
form, and link to sign up for a 1.5 hour study session with the
research team. Upon signing up for a session, the user consented
to be interviewed and have their chat logs de-identified to the
researchers for discussion.

The chat log data set included 348 total user-initiated conversa-
tions with the chatbot across 271 unique users, with the majority
of users (85.2%) recording one conversation with the chatbot. The
total number of unique user messages was 1,100, with an average of
3.16 user-sent messages per conversation. 60.0% of users identified
as autistic, with a co-diagnosis of 69.7% with ADHD/ADD, 25.9%
with Anxiety, and 17.2% with PTSD.

3.3 Participants & Study Sessions

Inclusion criteria for this study required that the participant have
a diagnosis of autism (co-diagnoses were allowed), be at least 18
years of age, and reside in the U.S. or Canada. Diagnoses shared
with the research team were derived from the user’s profile, and
were self-reported. The platform did not require official verification
of diagnoses. Participants were compensated with a $40 Amazon
gift card, and a total of 15 participants were interviewed for this
study (See Table 1). Study sessions were conducted on the Zoom
online platform, and were audio- and video-recorded.

During each study session, the participant’s chat log was shared
with the participant to refresh their memory of their interaction
with the chatbot. These interactions were reviewed line-by-line
with the participant, followed by a semi-structured interview in-
tended to understand their experience with the chatbot. Specifically,
researchers were interested in understanding what about their in-
teractions with the chatbot did not meet their specific goals or
expectations.

3.3.1 Chat Log & Interview Analysis. Our initial goal in reviewing
chat logs was to understand the scope of user questions and the
types of support they sought from the chatbot. Users selected one
of four Chat Topics to begin a session: career advice, cover letter
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writing, interview preparation, or professional emails. However,
we found that many queries extended beyond these categories. To
capture this, we conducted thematic analysis and open coding, iden-
tifying sub-themes such as career transition, emotional support, and
career matching under career advice, and interview practice and
emotional support under interview preparation. This allowed us to
understand both the nature of users’ questions and the currently
unmet support they were seeking. For example, we noticed that
when participants asked the chatbot to generate content for them
(cover letters, emails), the logs were shorter and less information
seeking. We could not infer if these interactions were satisfactory or
not. Additionally, it was clear to the research team from the breadth
of question types and inputs that the expectations of what infor-
mation the chatbot could provide varied greatly among the dataset.
Below we explain out detailed analysis to inform our research scope
and ultimately inform personalized interview questions for each
participant.

Chat Log Analysis The chat topic and sub-themes of participant
chat logs can be found in Table 1. Chat topic indicates which of
the four job-seeking topics chosen by the participant to initiate the
conversation with the chatbot (Career Advice, Writing a Cover Letter,
Interview Preparation, and Writing a Professional Email). Of the 348
conversations collected, 15.8% chats were Writing a Cover Letter,
70.7% were Career Interest, 9.2% were Interview Preparation and 4.3%
were Writing a Professional Email. While these four topics broadly
categorized the interests of chatbot users, thematic analysis and
open coding [16] of user inputs revealed sub-themes for the Career
Interest and Interview Preparation topics. The Career Advice topic
included the sub-themes transition support, emotional support,
career matching. Transition support inquiries from chatbot users
included seeking advice on how to transition and communicate
their skills in a new field, such as “I’'m hoping to switch into UX jobs
and would love help figuring out next steps” (P15). The user input
“Hello. I feel sort of stuck at the moment. I thought working as a clinical
psychologist would work out for me, but I have been unable to get
into a PsyD program. I feel discouraged since this is what I trained
for since college™(P5) is a Career Advice topic, however, the user’s
language suggests that they are in need of encouragement as well,
labeling this input as emotional support. Career matching inquiries
occurred when the user implies the chatbot should directly match
them with a career direction, such as “remote job entry level, not
dealing with customers” (P3), or “I am not sure what career to go
into” (P9). Interview Preparation topic included sub-themes practice
and emotional support. Practice inquiries occurred when users
asked the chatbot to help them prepare for the questions in the
interview, such as ‘Tam doing an interview with a recruiter soon, and
she would like to talk with me about her company and some roles they
might have open. How should I best prepare for this?” (P10). Many
users expressed anxiety surrounding interviews. If anxiety or stress
related to an interview was mentioned, the inquiry was labeled
emotional support under Interview Preparation topic, separate from
Career Advice. For anonymity purposes, we do not report content
from chatlogs where the user did not consent to be interviewed.

Interview Development & Analysis. For the interviews, we labeled
participant chat logs with the above out-lined categories and in-
cluded general questions in the interview scripts regarding the
participant’s understanding of how Al-powered chatbots worked,
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what their motivation for using the chatbot was, and what types
of information it was or was not capable of providing. Further, we
generated targeted questions based on specific moments in each
conversation, tailoring interviews to participants’ unique experi-
ences. For example, in the interview of a participant engaged in
several messages with the chatbot regarding his mental and emo-
tional state after being laid off, we included more specific interview
questions to understand what aspects of the exchange felt mean-
ingful for the participant. This individualized approach ensured
interviews were both grounded in the data and responsive to each
participant’s lived experience. The interviews also aimed to explore
participants’ overall experiences with the chatbot, their percep-
tions of the chatbot’s responses and recommendations, and their
understanding of how to interact with the system to achieve desired
outcome.

The first author reviewed the recordings of each interview and
conducted a top-down, deductive coding process to identify emer-
gent themes across participants’ experiences, starting with the
themes and codes outlined above and understanding each partici-
pants experience through the lens of alignment. Our focus on align-
ment stems from the paper’s core goal: to understand how and why
misalignments occur between neurodivergent job-seekers and the
chatbot. This lens allowed us to examine user expectations, chatbot
responses, and interaction dynamics. Rather than using inductive
thematic analysis, we identified themes (inauthentic characteriza-
tion, perpetuation of neurotypical norms, user-driven alignment)
as drivers of misalignment, or how much the LLM output resonates
or diverges from user intentions, understandings, and expectations.
Following this and on an iterative basis, a second author indepen-
dently reviewed and collaborated to refine the codes. Final codes
and interview quotes were reviewed with the full research team.
During this process, qualitative data and illustrative quotes were
collected to capture key insights into instances of misalignment
between participants’ expectations and intentions and the chat-
bot’s responses. Themes included inauthentic characterization of
participant skills and experiences, perpetuation of neurotypical
norms, the chatbot’s failure to capture implicit context, user-driven
alignment, and misalignment due to user ambiguity.

4 Findings

In this section, we will present our findings from analysis of par-
ticipant interviews and related chatbot logs, highlighting misalign-
ments between the participant and the chatbot. First, we provide
examples of chatbot responses that do not align with participant self
understandings, intentions, and goals. Following this, we describe
instances where participants were able to redirect and correct the
chatbot’s misaligned responses, and contrast these with interac-
tions where alignment could not be achieved. Finally, we present
evidence of misalignment due to participants not having a clear idea
of what they need from the chatbot, and why this is challenging
for neurodivergent users in particular.

4.1 Misalignment in Job-Seeking Support
Chatbot Interactions

4.1.1 Inauthentic Characterizations of Skills and Experiences. We
observed misalignments between our participants and the chatbot’s
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Participant Age Gender Diagnosis Duration Job- Chat Topic & Sub-Themes
D Seeking
P1 31 M Autism, ADHD, Anxiety 3 months Career Advice, Emotional Support
P3 30 F Autism, ADHD Com- 5 years Career Advice, Career Matching
bined Type
P4 31 M Autism, ADHD/ADD, 1 year Interview Prep
Anxiety
P5 26 M Autism, Anxiety N/A Career Advice, Emotional Support
P6 35 NB Autism, PTSD, 3 years Career Advice, Transition
ADHD/ADD, Anxi-
ety
P8 42 M Autism 3 months Career Advice, Career Matching
P9 36 F Autism, ADHD/ADD 1 year Career Advice, Career Matching
P10 30 NB Autism, ADD/ADHD N/A Interview Prep, Practice
P13 41 M Autism, ADHD/ADD N/A Career Advice, Transition
P14 33 F Autism N/A Career Advice, Transition, Cover Letter
P15 31 F Autism, ADHD/ADD 3 months Career Advice, Transition
P16 21 F Autism, Intellectual Dis- 2 years Career Advice, Transition, Cover Letter
ability
P17 31 M Autism, ADHD/ADD 3 months Career Advice, Emotional Support
P18 25 F Autism, ADHD, PTSD 2 months Career Advice, Transition
P19 35 F Autism, ADHD/ADD 3 months Career Advice, Transition

Table 1: Summary of study participants and chatbot topics. Some participants initiated multiple chats, leading to multiple chat

topic themes

responses in instances where participants sought help with career
transitions. Specifically, when participants asked the chatbot to
generate cover letters for applications to new jobs, a task that
required taking their current skills and experiences and applying
them to new contexts, the chatbot tended to overemphasize
skills and abilities, even if proficiency was not indicated in
the participant’s profile.

For example, P14 input:

Hi [chatbot name]! I am a systems analyst but would
like to transition into more creative work.

Following this input, she asked the chatbot to create a cover letter
for her transition to graphic design work. The chatbot’s suggested
cover letter included the following content:

As a graphic designer, I have honed my skills in
creating visually appealing and impactful designs across
various platforms. My experience includes designing
marketing materials, branding assets, social media
graphics, and website design. I am proficient in graphic
design software, such as Adobe Creative Suite, and have
a keen eye for detail and aesthetics... I possess a
Bachelor’s degree in Graphic Design and have completed
multiple design projects that have received positive
feedback from clients and colleagues.

While this response may read as if P14 is a strong candidate for a
graphic design position, it was problematic for the participant. Most
concerning is the claim of possessing a degree in Graphic Design.
P14’s profile did not include a Bachelor’s degree in Graphic Design
or any feedback from clients on design projects. While P14 did have
a “Contract Web Designer” position listed in her background, the

only design work listed with it was “Created custom graphic assets
and style guide”” The rest of her profile was heavily financial systems
analyst work. Regarding this, she explained: ‘T have web design on
there and some graphic design on my resume and so I was like it’s
there, you just aren’t quite using it right” (P14). This finding suggests
that even when relevant information is available for the chatbot
use, it is not applied in the response correctly, creating a breakdown
between how the user wants their skills to be represented and how
the chatbot portrays them.

Regarding the language suggesting proficiency in tools and areas
where P14 had little experience, she stated ‘T would never put it that
way because I'm a systems analyst with freelance design experience”
(P14). This can create tension and dissonance for neurodivergent
job-seekers. Job seeking is already a challenging experience for
many neurodivergent people [21], and seeing a response such as
this might discourage them further as they may internalize that
the job requires “superior” skills they do not possess. Further, this
finding echoes recent HCI work showing that LLM-generated de-
scriptions of disabled or neurodivergent individuals often rely on
stereotypes or confidently assert hallucinated information. For ex-
ample, an Al tool described a blind person as “courageous” and
“resilient”- a characterization that a participant critiqued as inap-
propriate, noting it reflected how neurotypical people tend to frame
blindness [5]. From a model perspective, the tendency of the LLM to
confidently generate exaggerated or inaccurate information—- such
as hallucinating a degree— reflects known limitations of current
models, which frequently prioritize fluency and coherence over
factuality or contextual appropriateness [13, 38]. These challenges
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can compound one another, resulting in outputs that grossly mis-
represent neurodivergent users’ qualifications and experiences.

Ultimately, P14 felt that this cover letter did not represent her
skills in graphic design accurately and that the definitive language
used to describe her as a strong candidate for a graphic design
position did not align with her intended goal, which was a career
transition. P14 expected the chatbot to provide a cover letter that
accurately represented her level of skill as a graphic designer, while
also contextualizing her experience as a financial analyst into the
new role.

Additionally, Other participants expressed similar misalignment
with over-generalized or over-representative language that they
experience during job-seeking activities. Many participants noted
that this language is rooted in neurotypical norms. For example,
P1 and P5 expressed that when considering job posts to apply to,
they are discouraged by language and required skills such as “quick
learner,” can “work independently,” and can “thrive in a fast-paced
environment.” From their perspectives, this language perpetuates
neurotypical work environments and expectations that are not
inclusive of their needs. P5 felt that these are inauthentic character-
izations of their preferences: they prefer work environments that
emphasize supported task learning, guidance on work assignments,
and predictability in day-to-day activities. “Generally I like it when
I hear that there’s support for someone going into the position. So
for instance, when I see [posts] that [say] 'the person must be a self
starter’ I know that’s not necessarily for me” (P5).

This finding supports that our participants did not want to
overemphasize or mischaracterize their abilities, and instead
wanted their skills and abilities represented exactly how they are.
However, P1 told researchers that he feels if he does not include
this language in his applications, he won’t be considered for the
position. ‘T feel like I'm a good worker. I have skills, and I've done
good things and that should be enough, but it seems like [in] the work
search these days like they want somebody who is who’s “quick,” and
it’s like, come on, give me a break” (P1). Research into neurodiver-
gent perspectives has shown that in job-seeking practices, these
pressures can cause dissonance for the individual, and make them
believe they have to “mask” their behaviors that do not align with
normative expectations [21]. Further, our participants noted that
new Al screening tools used in job recruiting specifically look for
these types of key phrases. If they do not include the “right” lan-
guage, even if it is misaligned with their self understanding and
work preferences, they feel their application will get kicked out.

Because our participants expressed concern and uncomfortabil-
ity with over-representation of their skills suggested by the chatbot
but pressure to do it anyway, instances such as this could result
in adverse outcomes, such as interviewing for a job that the indi-
vidual is not qualified for or misaligned expectations between the
job-seeker and the employer. The potential for this poses great risk,
as the neurodivergent population exhibits greater vulnerability to
negative work-related experiences [27]. Further, the user may inter-
nalize negative feelings toward themselves and their abilities [73],
reducing their job-seeking self-efficacy [69]. For instance, if a job-
seeking support chatbot provides a cover letter for a user who is
applying to a job and “inflates” their abilities or work-style pref-
erences, the user may experience heightened anxiety of actually
being able to secure and perform in that position.
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4.1.2  Failure to Capture Implicit Preferences. Another misalign-
ment between the chatbot and the study participants was the chat-
bot’s superficial use of the participants’ skills and interests in its
responses. Users expected the chatbot to possess a deeper under-
standing of their experiences and work preferences based on their
profile data and recommend relevant job opportunities. Instead,
the chatbot made surface-level matches based on the participants’
self-reported skills and interests. From participants’ perspectives,
it did not take into account their preferences for factors like work
environment or job type (e.g., freelance, corporate, etc.), although
they felt these preferences were implicit through their profile data
and would therefore be used in the chatbots reasoning.

For example, some of our study participants felt they had good
work ethic and skills, but not in a “typical” way, and thus pursued
careers that were not “typical,” such as jobs that have defined hi-
erarchical employment structures. P3 did not complete a college
degree, stating her diagnosis made traditional education difficult
for her and a burden on her mental health. Instead, she acquired
experience through non-traditional jobs, such as completing free-
lance projects. “It’s easier for me to be self-employed than it is for me
to work for someone else, which is common with people with ADHD”
(P3). She has been applying for freelance design work, however, she
feels that not having formal training is deterring employers from
considering her applications. She utilized the chatbot to help her
identify jobs that would be amenable to her “non-traditional” career
path and were appropriate for her background and experience.

P3 chose the chatbot topic Career Advice, and the following
conversation resulted:

remote job entry level, not dealing with customers

Sure, I wunderstand that you’re looking for an
entry-level remote job that doesn’t involve direct
customer interaction. Here are a few options that might
align with your strengths and preferences:

1. Data Entry Specialist: You mentioned that you’re
good with computer-based tasks, and this role involves
accurately inputting and managing data in databases or
spreadsheets.

2. Research Assistant: Since you mention that you enjoy
solving complex problems that require research, a remote
research assistant role might be a good fit. You could
assist with gathering and analyzing data, conducting
literature reviews, and organizing research materials.

Although the chatbot seemed to utilize her profile information,
P3 was ultimately unsatisfied with this answer. “It’s all kind of stuff
that I've heard before, but it’s not so easy to get. It’s not like bad
or anything, it’s just not really helpful for me personally” (P3). She
felt that the suggestions were jobs that required college degrees
and formal training, and therefore, they did not match her level of
experience or job-type preferences. The chatbot did not account
for P3’s unique context, in which she prefers freelance work and
wanted to apply to positions that met her abilities.

Other participants were similarly frustrated with “generic” and
“common sense” recommendations from the chatbot. As P13 stated
about the response the chatbot provided after inquiring about a
career transition, the chatbot gave “standard information that is
repackaged and presented in different ways. It did a good job sum-
marizing the steps, but they are fairly generic steps” (P13). Similarly,
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reflecting on advice the chatbot provided after asking about how he
can apply his skills and experience to a new position, P1 stated, “Tt’s
good general advice, but I was hoping to get something more personal
(P1). Another participant, frustrated with the same “general advice,”
asked the chatbot directly “How do I use you to get personalized
advice?” (P19).

4.2 User-Driven Alignment

In contrast to the examples above, other interactions between the
chatbot and participants achieved more satisfactory and mutually
aligned outcomes (P4, P8, P9, P13, P17, P18). Participants were
most satisfied with their interaction with the chatbot when they
engaged more intentionally and were able to provide richer context
throughout the conversation. Participants who shared specific ca-
reer interests, example job roles, relevant qualifications, and skills
they wanted to develop were able to elicit more aligned and action-
able recommendations, such as contextualized resume and cover
letter suggestions, and concrete next steps for learning position-
relevant skills. These more aligned interactions often resulted in
longer chats where users were able to redirect the conversation
when the chatbot provided responses that were not aligned with
their specific needs. In these cases, the chatbot was able to provide
suggestions that matched the user’s goals and constraints. For ex-
ample, after telling the chatbot they want to transition to a new
career, P6 entered additional context:

My area of specialty is human behavior research,
research analytics, and leadership. The tech and gaming
industry has always appealed to me. But I can work in many
different fields. I am avoiding education, mental health,
and therapy based industries. Roles in User research,
human research, behavior research or science, research
design and/or analytics, or product research and design.

In response, the chatbot offered roles such as user experience
(UX) researcher, market researcher, product researcher, and data
analyst. Unlike P3’s interaction (See Section 4.1.2), where she did
not add any specifics about her preferred job-type and expected
the chatbot to interpret it from her profile, P6 added specific job
examples, and even exclusion criteria. As a result, P6 was much
more satisfied with the interaction, felt that these recommenda-
tions accurately reflected their experience and personal preferences
for job-types. Additionally, each role was accompanied by respon-
sibilities and how the role would utilize P6’s specific experience.
For example, for the UX role, the chatbot included the following
context:

In this role, you would be responsible for
conducting research to understand user behaviors, needs,
and preferences, and using that information to inform
the design and development of user-friendly products
and experiences. Your skills in research analytics
and leadership would be valuable in analyzing and
interpreting data, and in guiding and collaborating with
cross-functional teams.

The chatbot also advised P6 to update their resume with relevant
skills to the position that they wanted to pursue. P6 stated that this
response was aligned with their specific job-seeking needs, and
they were happy with the level of detail and specificity.
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P8 wanted to transition from backend development to frontend
development, and asked the chatbot for help with this transition.
He added specific job skills that he wanted to learn, and asked for
help with the next steps:

I'm trying to find a role that would give me the
opportunity to learn a JavaScript framework such as React
or Angular. I want to pivot more towards UI development
roles, but my lack of experience with a JavaScript
framework is preventing me from getting these roles. What
should I do to correct my career path?

The chatbot responded with a list of steps for him to “overcome
[his] lack of experience with these frameworks,” such as self-study,
building a portfolio, open-source contributions, networking, and
freelance or volunteer work. P8 described that he was unsatisfied
with this initial answer, because it was generic and contained infor-
mation that he already knew. In response, he redirected the chatbot
and added more details about his background:

I’ve already taken a short course in React a couple of
years ago. I don’t have any idea for a project that isn’t
something generic like To Do list. I only lack on-the-job
experience.

In response, the chatbot focused its answer on specific ways that
P8 could get “on the job experience,” including personal projects,
collaborative projects, freelance work, internships, and creating a
Git repository. Each suggestion included added context on how to
accomplish the task and how it would benefit his experience. For
example, for creating a Git repository, the suggestion that P8 found
most useful, the chatbot included:

Maintain an active GitHub or GitLab repository where
you showcase your React projects and contributions. This
will allow potential employers to review your code,
evaluate your skills, and see your commit history.

By specifying what he wanted more on the job experience and
providing the chatbot with his current skill level, P8 was able to
enter enough context to receive very contextual and personalized
responses and action items from the chatbot. He explained “this
has been my experience with Al bots in general: you have to kind of
feed them a little bit more information about where you’re coming
from” (P8).

Both P6 and P8 were exploring software-related roles and ap-
proached their interactions with the chatbot with clearly articulated
goals, such as transitioning into a new technical position or identify-
ing specific skills to develop, respectively. They utilized the chatbot
as a supplement to an already semi-informed job-seeking process,
which provided them the ability to critically assess whether the
chatbot’s responses aligned with their needs. Notably, their back-
grounds in software engineering likely contributed to a higher
degree of Al literacy, giving them an advantage in understanding
how the system worked, recognizing limitations in its responses,
and steering the conversation more effectively. This technical fa-
miliarity may not be shared by participants in other fields, poten-
tially contributing to the disparity between those who were able to
achieve aligned outcomes and those who were not.
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4.3 Misalignment due to User Ambiguity

In this section, we present insights that inform why some of our
study participants were unable to direct the interaction with the
chatbot and achieve alignment. P3 (see Section 4.1.2), for example,
gave the chatbot minimal extra detail or context in her inquiry. In
fact, because the chatbot had access to participants’ user profiles,
several of our study participants felt that the chatbot already had
enough information to interpret the context of their unique situa-
tion, and should be able to respond to their queries in alignment
with their expectations without added information. Regarding this,
P1 stated “Well, I mean, knowing that it had access to my profile,
I would think that it could have parsed together a little bit better
understanding” (P1).

Additionally, participants’ understandings of what they needed
from the chatbot varied widely as well. P6 and P8 had clear direc-
tions and motives before engaging with the chatbot, which allowed
them to redirect and correct the chatbot when they weren’t re-
ceiving outputs that aligned with their intentions or expectations.
Other participants, however, told the chatbot that they were “lost”
(P17) or did not know where to start on their job search journey (P9,
P19), and relied more heavily on the chatbot to provide direction
for them, often with less detail. For example, P17 input:

I was recently laid off from my dream job and I am
feeling very lost as to what to do next.

This suggests that this participant did not have clear intentions
when engaging the chatbot. Because effective job-seeking requires
identifying and committing to a clear employment goal to drive
search behavior [40], participants who are unsure of their goals may
struggle to provide accurate information to a chatbot. Therefore, the
chatbot will provide misaligned responses as a result of ambiguous,
non-specific inputs.

Further, P17 told researchers that he did not have a clear un-
derstanding of the chatbot’s capabilities when starting this con-
versation. He stated “T’ve used a lot of different, you know, LLMs
and there’s always a variety in terms of how much it could do... I
didn’t know if it was what kind of information it had, or if it was
connected to any kind of a database for job-seekers. I wasn’t quite
sure” (P17). Additionally, P1 stated: “Tt’s a powerful tool that has a lot
of potential, but ... it’s a little bit tricky to know exactly how to use it”
(P1), indicating that some users also do not know how to interact
with the chatbot to achieve the best outcome for their needs. Many
participants simply did not respond or engage the chatbot further
when they received a response that did not match their intentions
or expectations, even if the chatbot asked them guiding questions
within the response.

These findings suggest that both unclear interaction intentions
and unfamiliarity with LLM usage contribute to misalignments be-
tween participants and the chatbot because the user is either unable
to provide additional context for more specific conversations, or
they do not know how to redirect the chatbot when it responds
incorrectly. This can be especially challenging for neurodivergent
job-seekers, as job seeking can be a potentially stressful domain
space [21]. P1, for example, stated that he experiences intense rejec-
tion sensitivity due to his diagnosis of autism, and this affects his
job-seeking activities. In fact, many of our participants expressed
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exasperation in the job-seeking process to the chatbot. P5 input to
the chatbot:

I take things too personally, and I feel like I failed
if things don’t work out, even if its not the case. Not
to mention that job searching is stressful for me too...
it is all so overwhelming, and it makes it hard for me
to think about what to do.

When a user is in an already heightened state of emotional dys-
regulation, a poor interaction with a technology that is positioned
to support them may exasperate the feelings of anxiety. Further,
neurodivergent individuals might internalize misalignments with
technology as a shortcoming of their own rather than a socio-
technical constraint within the technology. Therefore, it is crucial
for a job-seeking support LLM to facilitate an understanding of the
reasoning used to generate responses and recommendations. If the
user can understand and verify the information that the chatbot
is using in its logic, they are better able to discern whether or not
the chatbot’s recommendation is sound and aligned with their ex-
pectations, and the misalignments can be directly attributed to the
technology. Designs such as this can reduce the potential for the
user to internalize negative thoughts about their perceived short-
comings because the response is framed in a way that externalizes
the source of error, encouraging the user to see misalignment as a
limitation of the system and not a reflection of their own abilities,
knowledge, or worth.

5 Discussion

Understanding how neurodivergent job-seekers interact with the
LLM chatbot through the lens of misalignment enables us to identify
and understand specific instances where incorporating unique user
preferences and profile data is most effective in aligning human-AI
interactions. Further, in the absence of training data that represents
the neurodivergent experience [21], our work contributes insights
into how to design LLMs to scaffold the collection of context-rich,
user-driven examples and preferences that reflect neurodivergent
lived experiences, enabling more personalized and aligned support.
In the findings, we highlighted instances where researchers and
designers should pay particular attention to the underlying logic
in chatbot outputs, the misapplication or neglect of user-provided
context, and the lack of transparency in how recommendations
are generated-all of which can lead to misalignments that can
potentially undermine users’ self-efficacy.

In the following sections, we suggest ideas to mitigate misalign-
ments in interactions between neurodivergent users and LLMs. We
expand on previous work in Human-Centered Al (HCAI) and sug-
gest implications for HCI researchers and developers to approach
new LLM technologies for neurodivergent individuals from a bi-
directional perspective [71]. This approach integrates Al alignment,
explainable Al and Al ethics in an effort to design supportive sys-
tems that achieve more intentionally aligned interactions, resulting
in more satisfactory experiences and outcomes that account for the
nuance of diverse perspectives and lived experiences.
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5.1 Bi-Directional Alignment to Support
Neurodivergent Job-Seekers

To address the misalignments that surfaced in our study, we posit
that bi-directional human-Al alignment [71] is an effective approach
to achieve aligned LLM responses that support highly specific use-
cases such as job seeking support for neurodivergent users. Bi-
directional human-AI alignment expands the traditional approach
to alignment— where the Al is precisely aligned with human val-
ues and social intentions— to include investigation of how humans
can align with AL We apply this concept by suggesting how the
LLM not only adapts to the user’s stated goals and preferences,
but also provides transparency and scaffolding that help users bet-
ter understand, direct, and correct the system’s behavior. This is
especially important for neurodivergent users, whose values, self-
understanding, and needs may fall outside neurotypical norms
typically represented LLM training data. Further, we present how
bi-directional alignment can support greater user agency and fa-
cilitate outputs that are more accurately reflective of the user’s
authentic self, context, and goals while reducing the risk of harmful
or misaligned recommendations.

5.1.1 Misalignments as Opportunities for Intervention. A significant
challenge in aligning technology to humans is carefully specifying
the correct values of the system [71]. HCI researchers have ex-
plored ways of extracting relevant data from particular user groups
for specific contexts such as strengths-based support for neurodi-
vergent workers [29], problem solving capacities of non-english
speaking parents [82], and value-driven technology designs [81].
In this work, we extend that literature by using misalignment as
an analytical lens to surface where, how, and why breakdowns oc-
cur during neurodivergent users’ interactions with a job-seeking
support chatbot. By doing so, we suggest critical opportunities to
better utilize user profiles, context, and preferences directly into
LLM interactions.

Our findings reveal that misalignment is often rooted in the
chatbot’s reliance on normative assumptions about job-seeking
behavior and language. For instance, in generating resume or cover
letter content, the LLM frequently reproduced neurotypical job-
seeking norms, employing language such as “quick learner,” “works
well under pressure,” or “thrives in fast-paced environments,” that
conflicted with how participants wanted to represent themselves.
These terms not only felt inauthentic, but also represented a work
environment the participants felt they would not be successful in.
Yet, they felt the need to echo these terms to be a “storng candidate.”

This misrepresentation highlights a critical opportunity: rather
than optimizing for generalized outputs, LLMs should be designed
to integrate individualized user profiles, preferences, and values
directly into their reasoning and generation processes. In our more
successful interactions (4.2), participants who could articulate spe-
cific needs or offer corrective feedback helped guide the chatbot
toward more contextually appropriate and affirming responses.
In contrast, when users were unsure of what to ask or how to
redirect the system (4.3), the chatbot defaulted to generic advice
that often perpetuated neurotypical standards and led to feelings
of misrepresentation. Therefore, LLMs must also scaffold align-
ment by prompting for clarification, offering tailored examples, and
transparently explaining their reasoning, especially in cases where
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user goals are under-specified or ambiguous. In doing so, systems
can help users clarify their intentions, while also recognizing and
responding to the nuances of neurodivergent self-representation.
This approach can support neurodivergent job-seekers in feeling
authentically represented without the pressure to mask their be-
haviors or conform to expectations that conflict with their values
and identities [21, 65].

Additionally, we suggest that effective chatbot support for neu-
rodivergent job-seekers could better leverage user profiles and pref-
erences to distinguish between features of a person’s background
that can be flexibly re-contextualized and those that are fixed. Based
on our findings, participants were dissatisfied with the incorrect
applications of the experience listed in their profiles. To remedy
this, when a user seeks help with a career transition, an LLM could
treat their core qualifications, such as degrees or certifications, as
fixed, while recognizing that the application or framing of their
skills may be adapted depending on the target role. These distinc-
tions are critical for ensuring the user’s identity and background are
represented accurately and ethically. Misrepresenting immutable
details can not only jeopardize job prospects but also contribute
to negative self-perception, as demonstrated by our participants
feeling discouraged when the chatbot recommended jobs that they
felt unqualified for even though the chatbot had access to their
skills and background.

A hypothetical bi-directional system that could address the
above-outlined challenges might be one that highlights aspects
of a users’ profile or experiences that could be reframed, accompa-
nied by explanations and interactions that allow the user to approve,
correct, and add context the LLM’s logic. Because correcting bias
or misrepresentations often places a disproportionate burden on
the “othered” individuals— and with LLMs, typically requires spe-
cialized prompting knowledge [5]- such a system must proactively
surface its own potential for misalignment through explanation
and support direct user editing. As prior work has shown, blind
participants expended considerable effort providing feedback to
mitigate ableist Al responses, exemplifying the significant advocacy
some individuals must perform to voice their needs and address
equity gaps reinforced by technology. A system designed to do this
would support a collaborative alignment interaction, where the
user is able to input contextual details directly into the instance
of misalignment- supporting transparency, agency, and control
within the interaction. For example, consider a user with a history
of freelance or part-time work( 4.1.2), who might expect the chatbot
to infer these preferences from their prior roles and incorporate
them into its recommendations. Instead of the system applying its
logic in opacity, it could flag the pattern and proactively ask the user
if they want another freelance position. In doing so, such systems
would support collaborative alignment, allowing neurodivergent
users to actively shape the system’s outputs in ways that align with
their authentic goals and lived experience.

5.1.2  Technical Alignment of LLMs to Neurodivergent Users. Partici-
pant critiques in our study should also be contextualized within the
current technical capabilities and limitations of LLMs. Participants
expressed frustration when the chatbot overstated their qualifi-
cations, misrepresented their skills, or adopted language that felt
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inauthentic. While these experiences do indicate instances of mis-
alignment, they also underscore systemic challenges in the design of
LLM-based applications. A key tension lies in the tradeoff between
broad generalization and context-specific accuracy [14, 38]. Gener-
alization enables LLMs to produce fluent and seemingly coherent
responses across diverse prompts by echoing statistical patterns
in their massive training corpora [13]. However, this fluency often
comes at the expense of grounded reasoning or fidelity to indi-
vidual user data [15]; a phenomenon exasperated for users whose
experiences diverge from normative training distributions [24]. For
example, neurodivergent participants in our study frequently noted
that the chatbot presented standard job-seeking templates or stereo-
typed motivational and upbeat job-seeking language, even when
their profile data suggested alternative needs or perspectives.

Achieving accuracy would require LLMs to meaningfully apply
user-specific context and data- something current models struggle
with in the absence of extensive prompting or fine-tuning [13, 38].
For example, in our study, even when personal data was available,
the chatbot produced hallucinations or generic outputs, reflect-
ing broader limitations in current models’ capabilities of higher
resolution outputs [15, 24]. These issues underscore the need for
interaction designs, in addition to better training data, that help
users understand model boundaries for more engaged and aware
use [14, 30]. Further, interaction designs that facilitate iterative
feedback to the model and enhance it’s adaptivity to user-specific
contexts would mitigate accuracy challenges as well.

5.1.3  Alignment through Collaborative Design. Mechergui et al. ar-
gue that current human-to-AI alignment literature fails to consider
or address the phenomena where the user often provides inputs
based on their own mental model of how they believe the system
works, expecting a specific outcome accordingly. However, it is of-
ten the case that the system does not function according to the user’s
mental model, and thus creates an output that is not in line with
the expectation [57]. Our findings align with these claims, as many
neurodivergent participants experienced misaligned responses due
to incorrect or absent mental models of how the LLM chatbot op-
erated. For example, participants often assumed that the chatbot
would automatically interpret and integrate profile information to
provide contextually relevant advice when more explicit prompt-
ing was necessary to achieve alignment. This mismatch between
user expectations and system behavior was especially problematic
for participants unfamiliar with LLMs, who were unfamiliar with
what extra context would be useful to redirect misaligned responses
effectively. Designing systems that mitigate these mismatches is
therefore crucial, particularly for neurodivergent users whose ex-
pectations, preferences, and interaction patterns often diverge from
neurotypical norms.

We suggest that LLM designers address these challenges by incor-
porating explainability techniques that help surface the chatbot’s
reasoning logic during interactions. Techniques such as chain-of-
thought prompting [80] could be utilized to break down the chat-
bot’s recommendations into interpretable steps, allowing users
to verify whether the system’s suggestions are grounded in their
actual profile data or inferred assumptions. For example, when sug-
gesting a job or crafting a cover letter, the chatbot could include a
short explanation: “I recommended this based on your listed skills
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in X and interest in Y’ Additionally, building on the hypothetical
system introduced above, features that flag patterns in a user’s
profile and invite them to approve or correct the system’s logic
would foster mutual understanding. These interactive explanations
would not only clarify how the chatbot is reasoning and applying
user data, but would also allow users to shape outputs that reflect
their unique contexts, needs, and self understanding. Further, sup-
port systems should help users assess the appropriateness of the
response, especially when suggestions overstate their experience or
do not match their work preferences. Prompt engineering strategies
such as in-context learning [58] and example-based prompting [67]
could be applied dynamically by the system to personalize sug-
gestions for less-experienced users. For instance, when users like
P1 or P17 express ambiguity or emotional overwhelm, the chatbot
could draw on pre-structured, accessible templates designed for
users with unclear goals, while gently guiding them toward greater
specificity through scaffolded dialogue. Our study findings show
that neurodivergent individuals might have atypical career paths,
nonlinear work histories, or preferences for alternative forms of
communication; experiences that are rarely represented in LLM
training data. We suggest that supportive LLM-based systems de-
signed for bi-directional alignment that collaboratively adapts to
user preferences and lived experiences can better accommodate
these nuances.

6 Conclusions

The intention of this research is to examine the interaction between
neurodivergent users and a job-seeking support chatbot, using mis-
alignment as an analytical lens to surface where and how LLMs
fall short in capturing user intent, needs, and values. Through our
analysis, we identified several patterns of misalignment: instances
where the LLM mischaracterized users, applied user profile infor-
mation in overly generalized or superficial ways, or perpetuated
neurotypical job-seeking norms and language that failed to resonate
with participants. Contributing to the experience of misalignment,
some users were unfamiliar with the technology’s capabilities and
therefore did not know what information to put into their queries
or how to redirect responses that were inappropriate.

Our contribution to the HCI community is a domain-specific un-
derstanding of human-AI complementarity in job-seeking contexts
for neurodivergent users. By analyzing misalignments as opportu-
nity for intervention, we show how they can reveal the underlying
values, preferences, and interaction norms that can better support
this population. Rather than focusing solely on fixing the iden-
tified failure points, we advocate for bi-directional Al alignment
approaches to create more reciprocal and interpretable systems.
This shifts design beyond human-Al personalization as a one-way
optimization and toward a model of collaborative alignment, where
systems adapt to users unique needs while supporting them in
understanding and shaping system behavior, fostering agency and
control over outcomes.
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