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Abstract

Generative Al can contribute to the misunderstanding or erasure of marginalized groups
due to the insufficient nuanced data on their lived experiences. This limits the shared un-
derstanding of their perspectives and contributes to a phenomenon called hermeneutical
epistemic injustice. This study seeks to reduce this injustice by enabling real-life users
from these groups to provide feedback that corrects the behavior of the model. However,
victims of hermeneutical injustice struggle with articulating themselves, and current prac-
tices lack sufficient support for user expression. Overcoming these challenges, we designed
an interface to enable users to give feedback on the accuracy of the model, supported by a
data processing workflow to ensure feasibility and scalability. We conducted a user study
with 8 individuals with ADHD to evaluate whether the interface facilitates the extraction
of accurate data, and found that it enables users to provide more concrete and precise
feedback than existing methods, as it includes more guidance and control for the user.

1 Introduction

When hackers leaked 7-time gold winner Simone Biles’ medical records, some accused the
Olympic champion of using ADHD (Attention Deficit Hyperactivity Disorder) as an excuse
for poor performance. Though these claims were resolved, the backlash revealed how quickly
society jumps to judgment about conditions it poorly understands. Biles had the voice and
platform to defend herself, but what about those who don’t? What about, for example, a boy in
a rural village, struggling with undiagnosed ADHD, dismissed as lazy by parents and teachers
who lack the language or framework to understand what he’s facing?

This is an example of hermeneutical injustice, which occurs when marginalized groups, such
as the ADHD community, lack the means to express themselves due to limited shared under-
standing of their experiences, leaving their perspectives misunderstood or ignored [1, 2]. The
focus of this paper is on the generative hermeneutical ignorance of Large Language Models
(LLMs), which is a form of hermeneutical injustice where marginalized groups are erased or in-
accurately portrayed in LLM responses due to the model’s lack of accurate, nuanced knowledge
about their experiences [2].

To solve this injustice, there is a need to access accurate data on marginalized groups.
However, these groups are not significant in datasets. Additionally, high-quality data is difficult
to obtain to the point where experts are now warning that we may be running out of new
training data [3].

This project addresses this lack of accurate data of LLMs on marginalized groups and the
resulting hermeneutical injustice by using real-life user feedback. Because model outputs mirror
the data they are trained on [4], the goal is to reach more accurate responses by improving
the representation and accuracy of marginalized perspectives in fine-tuning datasets [5]. To
achieve this, real-life users from marginalized communities provide feedback during model use,
effectively contributing their knowledge directly to make the model more hermeneutically just.

Although several human-in-the-loop pipelines already incorporate feedback from crowd work-
ers, such as Reinforcement Learning from Human Feedback (RLHF), this approach aims to
broaden access to marginalized perspectives. This is done by leveraging the diverse range of
real-life users interacting with the LLM, rather than relying solely on input from a restricted
pool of crowd workers who are limited by what is feasible for recruitment.

This study contributes to the solution by designing a feedback interface that helps users
communicate their knowledge clearly to the LLM, overcoming two key barriers: a lack of shared
interpretive resources to express their experiences [1], and insufficient support for user expression
[6, 7, 8]. However, a key design constraint is how the collected data will be processed, as this



limits both its volume and type [9]. To address this, we propose a supplementary workflow for
processing interface-generated data, ensuring the design remains feasible and scalable.

Even though various marginalized groups are affected by hermeneutical injustice, this study
focuses specifically on individuals with ADHD. This focus was chosen due to the group’s docu-
mented experiences of internalized stigma, stereotypes, and discrimination [10], as well as their
relative accessibility within the project’s timeframe.

The following section outlines the research gap and the resulting research question, while
Section 3 is on the steps taken to provide the answers. Section 4 and 5 discusses the structure of
the workflow, interface and its design. After, Section 6 outlines how the interface compares to
current practices, followed by Section 7 that discusses these findings. Section 8 considers ethical
implications of the study and lastly Section 9 presents conclusions.

2 Background

Before outlining the solution, we first present the relevant background and the context of the
problem. First we discuss systematic hermeneutical injustice, the related work in this area, and
lastly, what accuracy is in the context of hermeneutical injustice.

2.1 Systematic Hermeneutical Injustice

Systematic hermeneutical injustice, specifically generative hermeneutical ignorance, is rooted
in the lack of accurate data about marginalized groups. This results in inaccurate portrayals
of marginalized groups in LLM responses. Since the AI algorithms behind LLMs function as
epistemic agents, both consuming and generating information, they actively shape the collective
understanding of their users. [2, 1]. Therefore, if a certain group is portrayed stereotypically
in LLM responses, this inaccuracy will also be present in the users’ understanding of these
groups. This results in people from these marginalized groups not being able to use appropriate
concepts or terms to articulate the injustice they face, as others are unaware of these concepts.
This injustice not only harms individuals from marginalized groups but also undermines the
production of collective knowledge of society by excluding valuable perspectives [2].

Everyone can be misunderstood if someone does not fully understand their context, but
not all of this is called systematic hermeneutical injustice. To be considered under this term,
the misunderstanding has to result from a structural imbalance of power in shaping collective
knowledge, usually as a result of a marginalized aspect of one’s identity [1]. Therefore, we take
a systematic approach by focusing on feedback from users in marginalized groups during their
interactions with LLMs, building on insights from related literature.

2.2 Related Work

As shown in Table 1, prior work has explored various aspects involved in this study, with notable
overlap across topics. Building on the work of Kay et al. (2024) [2] and Mack et al. (2024)
[5], which lay the foundations of and identify hermeneutical injustice in Generative Al, we focus
on designing a feedback interface to mitigate it. Although the effects of a feedback interface
have been previously studied, it has primarily been in the context of social media platforms
[6, 11], posing the need to apply these findings to the context of LLMs. We further examine
how these interface elements can influence LLM behavior, extending prior work by incorporating
end-user feedback, an aspect that has been largely overlooked in existing research on accuracy
improvements in LLMs [12, 13, 14].



Building on these contributions, this study lies in the underexplored intersection of enabling
users to provide feedback with accurate content and incorporating that feedback into LLM im-
provement, specifically in the context of addressing hermeneutical injustice. In response to this
gap in literature, this study poses the following research question:

"How can user feedback be effectively incorporated into post-training improvement methods to
reduce hermeneutical injustice in LLM outputs?”

Similar Work Improving AI Responses | User Input | Injustice
Kay et al., 2024 |2] v v
Shim & Jhaver, 2024 6] v

Zeng et al., 2024 [12] v

Ouyang et al., 2022 [14] v

Mack et al., 2024 [5] v v
Vaccaro et al., 2020 [11] v

This research v v v

Table 1: Summary of Topics Covered in Similar Work

To answer this question, this study focuses on developing an effective interface to incorporate
user input into LLM improvement and aims to gather data from marginalized groups accurately.

2.3 Accuracy in the Context of Hermeneutical Injustice

The definition of accuracy is “the fact of being exact or correct” [15]. However, in the context
of hermeneutical injustice, there is no “ground truth” to base this measure on. Furthermore, in
this context, accuracy refers not merely to factual correctness but to alignment with the lived
experiences and epistemic resources of a given group. Therefore, three proxies for accuracy are
used as a conceptual understanding of the term and evaluation of the product later in the study:
use of appropriate use of terminology or concepts, the inclusion of diverse experiences, and the
avoidance of stereotypical depictions.

To improve the construct validity of these proxies, meaning how well they capture accuracy,
they were based on the three forms of accuracy discussed by Judd and Park [16]. As shown in
Figure 1, stereotypic inaccuracy relates to how stereotypes correspond to actual characteristics
and aligns with the criterion “Appropriate use of terminology or concepts.” Valence inaccuracy,
which concerns the overall positivity or negativity in the portrayal of a group, maps to “Avoid-
ing stereotypical depictions.” Finally, dispersion inaccuracy addresses the degree of variety in
representation and corresponds to “Inclusion of diverse experiences” [16].

However, the accuracy proxies do not directly map to these three forms by Judd and Park
as they are based on a relatively outdated study and lacks the context of systematic injustice in
generative AL Therefore, tropes that are determined by Mack et al. [5] in the context of people
with disabilities are also incorporated. An outline of how these tropes are integrated to form
the proxies can be found in Figure 1. Overall, this set of proxies is used to conceptualize what
“accurate data of marginalized groups” is and incorporated into our methodology.
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3 Methodology

The study is broken down into three components to answer the research question. Building off
of the main principles of research through design (RtD) practices [17], we explore the research
question through the process of designing a solution, connecting mental models and technical
limitations of this design, as well as assessing the outcomes of it. First, we design an interface to
collect accurate data from the user, design a workflow to support the feasibility of the technical
requirements, and finally evaluate the design with a user study.

3.1 Feedback Interface

Firstly, there is a need for a feedback interface that allows the user to accurately express their
experience and knowledge to the model. This leads to the first research sub-question:

1- What are the different components of a feedback interface that would guide users to express
themselves accurately?

This question was answered through a literature review through a snowballing method.
Components that enhance the quality of expression and accurately reflect user experiences were
identified to be included in the interface. The outcome of this review is discussed in Section 5.

3.2 User Study

The study hypothesized that the designed interface would be easier for the users to give ac-
curate feedback through compared to current practices. A task-oriented user study involving a
small semi-structured interview was conducted to evaluate to what extent the designed interface
achieves ease of accurate user expression. This method was chosen over a more cognitively in-
tensive method like the Think-Aloud Protocol or a more collaborative method like focus groups,
because a task-focused approach with an interview supports accessing user insight while main-
taining alignment with the research goal [18]. This shifts the emphasis from interface details
(e.g., fonts, colors) to the interface’s impact on the user.

Individuals with ADHD were selected as the target group as they meet the study’s criteria
for being marginalized and having imbalanced access to shared knowledge, while still being
accessible. They continue to face stigma, stereotypes, and discrimination [10], which hinder
their experiences from being recognized or integrated into shared understanding. This enables
them to be a fit group to assess a real-life use case for the interface.



As for the structure, two prototypes of feedback interfaces were created: a developed one
according to the literature review and a baseline one according to the current practices of
LLMs. 8 participants from the ADHD community, after signing consent forms, were asked to go
through each interface and later explain which one was easier based on each proxy of accuracy
in Section 2. The same interviewer was used for all participants, providing information in cases
of uncertainty. The first interface seen was switched for each participant to reduce any effect of
learning. A detailed overview of the structure of the user study can be found in Appendix A.

The forms of data collected, interview and interface responses, were analyzed using compar-
ative thematic analysis. Although we build on the initial findings of Braun and Clarke [19], we
adapt the approach to the needs of our study by using a combination of deductive and induc-
tive coding. For interface responses, 1) we familiarized ourselves with the data 2) generated
initial codes 3) placed them into present themes if they aligned, created novel themes if not, 4)
reviewed and 5) refined them, and lastly 6) wrote an overview of them which can be found in
Appendix D. For interview responses, we followed a full inductive approach and used the proxie
of accuracy to shape the questions instead. We lastly used methodological triangulation to see if
there were any discrepancies between the self-perceived accuracy of expression and the accuracy
of actual responses.

Example LLM responses were designed to closely resemble real-life cases while remaining
feasible for the study setting. There was a risk that overly subtle inaccuracies would require
deep reflection to identify, which may not have been feasible for participants in the observed,
time-constrained study setting. To balance this, two types of responses were used: one with a
subtle inaccuracy (taken from a natural conversation with ChatGPT) and one with an obvious
mistake (created by directly asking the model to be inaccurate), both of which can be found
in Appendix B. The interface in which they were displayed was switched per participant to
minimize its effect on the results.

3.3 Workflow

The feedback interface collects user data, but its design is limited by how feasibly that data can
be processed to improve the model. Since end-user feedback generates large volumes of data,
its effectiveness depends on whether it can be handled in a scalable manner within the resource
constraints of LLM developers [9]. This leads to the second sub-question:

2- How can user feedback be processed into a format that can be integrated into post-training
improvement methods in a scalable manner?

This sub-question was explored with a literature review as well, going through different meth-
ods used to improve LLMs after development. The result of this literature review is discussed
in Section 5 in the form of a workflow that specifies steps of processing the data.

3.4 Positionality Statement

Our identities and backgrounds influenced our findings, reviews, and analysis. We have a back-
ground in computer science and familiarity with psychology and sociology. We do not have any
hidden disabilities but are familiar with them in our social context and have used English and
the context of the Netherlands to structure and shape our research.



4 Interface Design

To design an interface that promotes hermeneutical justice through user feedback, we began
with a problem analysis. This led to the development of the User-Centered Hermeneutical
Repair Model (Figure 2), which identifies key contributors to hermeneutical injustice: the lack
of accurate data and the misrepresentation of marginalized groups, as discussed in more detail
in Section 2. The model also informs our interface design by examining users’ roles in the
production of hermeneutical injustice and exploring how their feedback can support its repair.

Inaccurate A
Lack of accurate data of . Hermeneutical
portrayals in

marginalized groups injustice
responses

can detect

can help | Users from | struggle to detect

/

Figure 2: User-Centered Hermeneutical Repair Model: Diagram of the relationship be-
tween causes of hermeneutical injustice and users from marginalized groups

According to this model, how can real-life users from marginalized groups alleviate the pro-
duction of hermeneutical injustice? There can be a flagging mechanism to detect hermeneutical
injustice. However, this is not an effective option as this injustice is the result of several inac-
curate responses shaping shared knowledge over time |2, 1], not a single response. Additionally,
when an individual experiences hermeneutical injustice, it can undermine their confidence in
making sense of the world, leaving them unable to fully understand or articulate the injustice
they are experiencing [1], making detecting the injustice directly an ineffective solution.

If detecting hermeneutical injustice directly is not effective, what can be done instead is to
enable users to detect if a response is inaccurate against a marginalized group (the intermediary
step in Figure 2). However, if a user solely detects how a response is inaccurate, it is still up to
the developers to gather the nuanced knowledge to solve the problem and improve the model
[2, 4, 5]. This results in the fundamental problem of lacking access to accurate data. Due to the
presence of hermeneutical injustice and developers’ limited shared understanding of marginalized
groups, they lack the necessary insight to access and incorporate nuanced knowledge into model
improvement [1]. Therefore, the goal of the feedback interface should be to facilitate users to
contribute their knowledge directly to the LLM and fix the problem from the root, not only to
detect inaccurate portrayals to indicate that there is a problem.

The interface faces two challenges in gathering accurate data from marginalized groups.
First, users have difficulty in conceptualizing and articulating the inconsistencies in accuracy
they perceive because of the limited shared resources of their experiences due to hermeneutical
injustice [1], limiting the content of the feedback they can give. Second, current feedback
interfaces do not have sufficient support for user expression [6, 7, 8|, constricting how users can
articulate their thoughts into concrete improvements for the model.

Building on these two challenges, we determined two requirements for the feedback interface.
First, to meet the need of conceptualizing inaccuracies, the interface must guide the users in
comparing the response with their own experiences and knowledge. Second, these ideas should
be converted to a concrete format. Therefore, the interface must support users in articulating
abstract concepts of inaccuracy into concrete improvements.



Overall, we built the features of the interface based on our problem analysis, indicating that
accurate data must be extracted from users to alleviate the problem. Furthermore, based on
the challenges of this goal, we focused on achieving guidance for conceptualizing inaccuracies
and effective support for articulating them.

5 Implementation

Since the root of the problem is the lack of accurate data, to improve model responses, there
should be an interface that first includes the components in which users accurately express their
knowledge, a method to evaluate this function, and steps taken to feed that data back into
the model. These elements, supported by the literature review, are discussed in the following
sections. They are in the form of the implementation of the feedback interface, the workflow of
processing into different post-training improvement methods, and lastly, the implementation of
the interface representing the current practices.

5.1 The Feedback Interface

The interface design addressed two key requirements: guiding users in conceptualizing the in-
accuracies they face because of hermeneutical injustice, and enabling users to articulate these
abstract concepts into concrete improvements. This was achieved by designing interface fea-
tures, informed by the literature, that support self-reflection and nuanced forms of feedback.
The result can be found in Figure 3 and Figure 4, while Appendix G outlines the mapping of
these features to requirements.

To support users in reflecting on their experiences to accurately judge in which aspects the
responses are inaccurate, guiding questions and concrete classification options were added to the
interface. Guiding questions were added because they are empirically proven to increase the
quality of reflection [20]. As can be seen from Table 4, they were structured based on Gibbs’ Re-
flective Cycle as it is a powerful framework for structuring reflection on challenging experiences,
as well as promoting critical thinking [21, 22, 23, 24]. The questions start more abstract, and
each step gets to more concrete steps, eventually leading to the classification options of how
the response is inaccurate in Figure 4. Because classification schemes restrict expression and
granularity has little impact on user perception [6], options to select none, multiple, or “other”
were added as well as an example of each category for clarity. Overall, the first section, with
guiding questions and classification options, helps users identify how their experience differs
from the LLM response in terms of accuracy.

The second challenge of getting these abstract ideas into concrete improvements was achieved
with the ability to select specific sections of the response and to be able to directly edit it. The
ability to select a specific section of the response expands on the narrow vocabulary of
feedback users have [6], ensuring more detailed, higher quality feedback rather than a general,
more shallow one [25]. Building on all of the components above, users can lastly edit the
respounse they selected to be more accurate, using examples as a direct means of control [7, 6].
To provide a low cognitive effort alternative to this, users can also provide an external source
that has more accurate representations.

Essentially, selecting smaller snippets and providing more accurate examples helps translate
abstract notions of inaccuracy, framed by the guiding questions and classifications, into concrete
data. This data can improve the model’s representation of marginalized groups and eventually
make it more hermeneutically just after processing.



Select a sentence/sentences of the response that are inaccurate. . .
Some guiding questions to help "y

you:
Your prompt:
What does the response state

Describe a girl named Naomi with ADHD. about certain experiences?

How might this sentence make
The LLM response: someone in a specific group
feel?
Naomi, was the opposite of still. Diagnosed with ADHD in her twenties, she was a painter, a baker, a woman with
notebooks scattered across the house—each half-filled with ideas, grocery lists, and doodles of animals in boots.
She forgot appointments but remembered birthdays with homemade cakes. She might lose her keys three times in a
morning but find constellations in pancake syrup.

How does the model capture
the reality it is addressing?

How would you explain this
experience to someone
unfamiliar with it more
accurately?

What would be an example of a
sentence that would be a more
accurate portrayal?

What should an LLM include in
future responses to avoid

similar gaps in understanding?
Give Feedback

Figure 3: Initial page of the feedback interface, possible to select a text and access the rest of
the interface through the "Give Feedback" section
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Edit Snippet Is there a specific group where this response is wrongful towards?
The snippet chosen: Women LGBTQ+ Community People with Disabilities +
Her room is always a disaster, she talks a mile a minute, and she’s basically just lazy and looking for
excuses. How can we make this snippet better?

Edit this snippet: Need more explanation?

I believe this response is inaccurate because ...
Her room is always a disaster, she talks a mile a minute, and she’s basically just lazy and looking for
It uses wrongful stereotypes to portray a group excuses.

Asian Americans
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different Asian American communitis.
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It does not show the diversity of experience of a group
Share better sources for the LLM to learn from:

e Choose File Add a link to a reliable source.
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No specific category

Other

__J

Figure 4: Sections of the pop-up shown after clicking "Give Feedback", shown as one scrollable
page in the interface.
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Figure 5: Overview of steps taken to process the data obtained from the interface into post-
training improvement methods. "Edits of Response" and "External Source" represent the last
two sections of the designed interface.

5.2 The Workflow of Processing Data into the Model

Although each model has different improvement steps after deployment, we outline a high-level
workflow to demonstrate how the data obtained from this interface can be used to improve
models, which can be adapted for different use cases. Figure 5 summarizes the results of the
literature review, and below, the reasoning and format of each section are discussed.

Filtering

To prevent malicious users from introducing bias to the model with their feedback, a filtering
step of harmful content is needed. This step can involve human review, automated checks, or a
combination of both. Using human moderators limits scalability, as it requires a large, diverse
group to prevent human bias and cultural misunderstandings [26, 27]. Automated solutions,
though more scalable, can still reflect the biases of the engineers that design them and prioritize
efficiency over the interests of marginalized users [27]. A combined approach can attempt to
balance these tradeoffs with additional measures such as frameworks to reduce human subjec-
tivity [28]. Therefore, the decision of which method to use in the filtering step should be decided
based on the scale of the specific LLM under consideration.

Formatting

Since data is collected from the interface, both in the form of edits to the text and in the form
of additional external sources, the formatting step is to process both of these methods into the
same format for further processing.

The two main sources of data go through two different processing steps. The first type, the
edited snippets, are combined to form an improved version of the response, and paired with
the initial response to form a labeled pair of a “better” and a “worse” response. This process
is outlined in Figure 6. On the other hand, the data gathered as external sources requires
further processing to reach this state. One method to achieve this is feeding these sources into
a “teacher model” for synthetic data generation [29, 30]. This way, this model can be trained on
this knowledge to generate preference pairs.

Preference Dataset

The formatted data of a prompt and the pair of “better” and “worse” responses can now be added
to a dataset to portray which responses are more accurate than others. This dataset can then
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Figure 6: Diagram of how edits given in the feedback interface are combined to form example
response pairs.

be used in several post-training reinforcement methods, such as Direct Preference Optimization
(DPO) where responses that are similar to the better-labeled responses are more likely to be
chosen [31, 32]. This dataset can also be used in more traditional methods like Reinforcement
Learning from Human Feedback (RLHF) by using it to train a reward model that predicts
human preferences [14]. Additionally, the reward model can help scale LLMs using methods like
Search Against Verifiers (SAV), where multiple responses are generated and the best is selected
based on a verifier [33, 32]. Since post-training methods vary across models, the component
that uses the preference dataset should be chosen based on the specific LLM.

Additional Processing Steps

Although the aforementioned steps outline a feasible way to incorporate this data, there are
alternative steps that can be added on to this process for improvement.

Group data is collected once users indicate if the response is inaccurate against a specific
marginalized group, indicated by the “Is there a specific group where this response is wrongful
towards?” section in Figure 4. Statistics on this can identify underrepresented marginalized
groups, guiding decisions like prioritizing their inclusion in crowd worker recruitment.

An amplifying step can be used to prioritize certain data points. Since marginalized
groups often lack access to LLMs [2], it might be difficult to gather enough feedback to noticeably
impact the model. Therefore, methods like importance sampling or loss reweighting can amplify
underrepresented groups’ feedback, increasing their impact on the dataset.

Retrieval-Augmented Generation (RAG) is a process that enables retrieving external
resources in response generation rather than only relying on static data, increasing the accuracy
of responses [26, 32]. If feasible for the specific LLM used, external resources gathered from
users can also be incorporated into this process rather than using synthetic data generation.

Overall, the general structure of the workflow consists of filtering malicious feedback, pro-
cessing it into a format where they can be collected in a preference dataset, and lastly using this
data in post-training methods such as RLHF to increase the accuracy of the model.

5.3 The Baseline Interface Used in the User Study

The baseline interface representing the current practices of LLMs can be found in Figure 7.
It was modeled after ChatGPT, Gemini, and Claude, as they are among the most widely used
LLMs that offer response flagging features [34]. The most flexible features of the three interfaces
were included, for example, the ones with the most options or the most variety of input formats.
An overview of which aspects were obtained from which product and why can be found in
Appendix C.
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Figure 7: Overview of the interface created based on current practices. An overlay with menu
options ending with a text box.
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Figure 8: The distribution of participants who indicated that one interface was easier to give
feedback through over the other based on each proxy of accuracy.

6 Findings

To compare our designed interface with current practices, we collected self-reported and obser-
vational data on participants’ use of the designed (based on literature review) and the baseline
(based on current practices) interfaces and found that their perceived accuracy, as reported in
interviews, aligned with the accuracy evident in their actual feedback. We outline findings from
the thematic analysis both from answers given to the interview and the actual feedback through
each interface.

6.1 Interview Responses

Overall, the overwhelming majority of participants indicated that the designed interface was
easier to give accurate feedback on, although it needed improvements. This distribution can be
seen in Figure 9 and the details of the codes given to responses and overall themes can be found
in Appendix D and E. Below, we summarize the main outcomes:

e The designed interface was more successful in guiding the user through the process.
Both the main and the guiding questions on the side of the designed interface “were
related aspects to the topic [that] helped [them| better identify [the problems]” [P8]. This

11



guidance was to the extent that P4 felt that “it shows you that it wants to help you”
whereas in the baseline “it was difficult to see and to know what to tell them”.

The designed interface exhibited better overall perceived affordance but with limitations
in input formats. In the designed interface, the ability to select different snippets made
“it convenient to point out what is wrong” [P1] and helped them give “more accurate and
precise feedback” [P5]. This was supported by the availability of several options for the
classification of the problem. However, P8 felt restricted by the lack of a free-form text
box in the designed interface, and similarly another used the editing section to provide
general feedback as if it was an open-ended textbox. In contrast, participant P1 found the
single text box in the baseline interface limiting instead.

The content for the designed interface was more relevant for users’ needs. In the baseline
interface, participants could not see the response they were giving feedback to and had
to go back to the initial response to see it. Whereas the designed interface “shows you
the text over and over again.” [P5]. This, along with relevant inaccuracy options in the
classifications made the designed interface “obviously easier” [P1]. On the other hand, one
participant (P8) indicated that the examples of inaccuracies given were too specific to the
point they did not match the response they were giving feedback to.

The structure of the designed interface was better for formatting feedback, but it was more
foreign compared to the baseline interface. “It was easier to read out what was happening”
[P7] in the designed one whereas the baseline “was your default interface, usually those
ones that are not the best for feedback” [P4].

The reviewing process was perceived to be easier in the designed interface while it was
unclear in the baseline. In the designed interface it was assumed that the feedback would
be easier for the reviewer “because it would make the feedback better” [P2]| while in the
baseline the further reviewing process was unclear because “you do not know how they are
going to take [the feedback] into consideration” [P4].

The designed interface had problems in usability. Some participants found the designed
interface overwhelming and had insufficient instructions as well as bugs. Some needed
further guidance to go through it and found that "if [it] was properly explained how it
worked on the page ... it would be the best one" [P6].

Overall, for most of the themes it was found that the designed interface made it easier for

participants to give accurate feedback. However, it had shortcomings in intuitiveness, examples
that are too specific, and limitations of having to give an accurate version.

6.2 Data Given to the Interface

Feedback provided through the designed interface was generally more concrete, often specifying
the accurate behavior rather than solely highlighting deficiencies. The summary of the compari-
son of the content of the feedback can be found in Table 2 while the overview of the distribution
of feedback per theme can be found in Figure 9.

7 Discussion

We found that for all themes, the designed interface allowed for more concrete and actionable
feedback. Below, we discuss improvements on the design, factors to be considered in future
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Feedback through the

Feedback through the

Th . . ..
eme designed interface baseline interface
Avoiding stereotypical | Includes alternative depictions Only indicates that it is stereotyp-
depictions ical

Inaccurate use of terms
and concepts

Inclusion of diverse ex-
periences
Inclusion of reliable
background

Either replaced inaccurate terms
with more accurate ones or deleted
them

Explains a more accurate experi-
ence

Explains accurate reasoning be-
hind stereotypes

Only included an indication that
terms were inaccurate

Only mentions that there is a va-
riety of experiences

Includes only an indication for
cases when they are not sure of the

reliable information

Table 2: Comparison of feedback given through the two interfaces per theme found

work, and lastly, general implications on answering the research question.

7.1 Improvements

Since the designed interface expects the user to give a more accurate version of the response or
an external source, it assumes that the user is aware and confident of the accurate behavior of
the LLM. However, some participants indicated that they were not always sure of the accurate
answer and wanted to be more flexible in their phrasing. This echoes Rastogi et al.’s [35] findings
that users often struggle to confirm correct answers and value tools that support this uncertainty.
Therefore, although this is addressed to some extent through the addition of an external source
option, the design can be improved by accommodating varying levels of user uncertainty and
broader ways of indicating inaccuracy, not only being limited to giving the accurate version of
a response.

7.2 Future Work

Several measures can be taken to improve on this work in the future. Currently, these findings
are in the context of individuals with ADHD, further research can be done to test these findings
and attempt to replicate them with other marginalized communities or larger sample sizes. Still,
current user opinion-gathering mechanisms lack the necessary means for users to fully express
themselves and have shortcomings in involving marginalized perspectives [36, 7]. Therefore,
incorporating features and aspects of this designed interface, such as more guidance, control,
and example-giving can improve the ability of users to give more accurate feedback to align
future models.

7.3 Effectiveness in Addressing Hermeneutical Injustice

Overall, enabling users to participate in improving AI behavior by not only indicating that
there is a problem but also being able to correct the model behavior exemplifies user-driven value
alignment, as defined by Fan et al. [36]. In this approach, users are no longer mere consumers but
play an active role in improving LLMs by being able to change the actual response of the model,
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Figure 9: The distribution of which themes the given feedback was on through each interface

which participants indicated they prefer. Following this, compared to other methods of value
alignment through experts or crowdsourced non-experts, aligning LLMs with user preferences
remains a more effective way to capture the real-life contexts of individuals and community
norms [36]. Since this information is what we need to improve models, choosing to create an
interface to encourage user-driven value alignment remains an effective approach to make models
more hermeneutically just.

Improving models through giving agency to users also reflects core principles of Partici-
patory Al: enabling those affected by Al, in this case, individuals impacted by hermeneutical
injustice, to actively shape system behavior [37, 38]. Building on Birhane et al.’s claim on how
“participatory approaches are essential to understanding and adequately representing the
needs, desires and perspectives of historically marginalized communities” [37], this approach
demonstrates the effectiveness of incorporating user feedback to address hermeneutical injus-
tice by targeting its root cause: the lack of understanding and representation of marginalized
perspectives.

8 Responsible Research and Limitations

Since this project is concerned with systematic injustice and has real-life consequences if applied
in practice, we need to consider the ethical implications of our work. Firstly, although the
workflow empowers real users to influence model responses, it also introduces the risk of biased
feedback that could degrade output quality. To prevent this, more research has to be done for
an effective way to filter out malicious behavior, possibly in the “Filtering” step of the workflow.
Additionally, since the workflow involves gathering user data and processing it for development,
appropriate legal measures must be set in place to ensure that the user is aware of this processing
and gives consent to it before this action is taken. Overall, there are still several ethical measures
to be taken for this workflow to be used in practice.

In this project, we aimed to follow the main principles of the TU Delft Code of Conduct,
identifying the “Trust” and “Integrity” components to be the most relevant for our project. For
the “Trust” component, we have made it a priority to follow the HREC procedures and ensure
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that the participants in our study are informed before giving consent to their participation.
On the “Integrity” principle, we outline the limitations of our project to support transparency.
First, the evaluation was only done on the interface level but the bigger context of implementing
its processing into the model and measuring the improvement of responses over a longer period
was infeasible to conduct. Therefore, more research is needed on the long-term effects of this
workflow to accurately judge its value. Second, due to time constraints, the analysis was coded
by a single researcher without cross-checking, which may introduce personal bias. This was
done as transparently as possible by including a positionality statement, a code book, and an
overview of themes. Third, while the example responses used in the user study contained various
inaccuracies, they did not reflect the full range of potential biases in LLM outputs. As a result,
the findings cannot confirm that the interface can address all types of inaccuracies that may
arise. Finally, in the user study, some participants indicated that the “subtle” version of the LLM
responses did not seem significant enough to warrant feedback. This may be due to the study
environment not encouraging deeper critical reflection, or because the selected responses were
not perceived as significant by all participants. However, since these participants still engaged
with the interface and provided feedback, we do not consider this to undermine our findings,
though we acknowledge it as a limitation in our study.

Following these limitations, we acknowledge that our findings are not fully reproducible as
they are qualitative insights that are dependent on the subjective opinions of our participants.
However, we have included detailed explanations as well as a transparent approach to maintain
reproducibility whenever possible. Overall, these limitations do not negate the fact that we
present a feasible solution that incorporates user feedback to improve the hermeneutical justice
of models.

9 Conclusion

This study addresses the lack of accurate data on marginalized groups in LLMs, and the result-
ing hermeneutical injustice, by empowering members of these groups to directly correct model
behavior. Through a literature review, we designed a feedback interface aimed at capturing this
data effectively, along with a workflow that maintains its feasibility for integration into current
model improvement methods. To evaluate if this designed interface enables users to articulate
themselves accurately, we conducted a user study with 8 participants with ADHD. Participants
expressed a preference for greater control over their feedback, additional guidance on what to
write, and more flexible input formats. These findings, along with the proposed workflow, offer
a foundation for broader integration of end-user feedback in post-training refinement, ultimately
contributing to more hermeneutically just LLMs.
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User Study Structure and Questions

The following steps were taken for each interface.

1. The participant is explained that they are flagging an LLM response because the response

had inaccuracies in portraying people with ADHD.

2. They are asked to follow the instructions in the interface to give feedback on why it might

be inaccurate.

3. The participant is asked the following questions based on the accuracy criteria and any

follow-up questions that are necessary:
(a) Between the two interfaces, which one made it easier for you to identify and explain
stereotypes in the response? Please explain why.

(b) Which interface helped you more clearly identify if there were any wrong terms related
to ADHD in the response and why?

(¢) Which interface made it easier for you to point out if the response overlooked the
diverse experiences of people with ADHD?

Interview responses were recorded hand-written notes, and the responses given through the

interfaces were captured with screen recordings. 10 minutes were given to each participant.
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B Example LLM Responses Used in the User Study

Un-prompted inaccuracy:

e Prompt: "Describe me a story of a boy growing with his mom and dad, his dad is a
swimmer and his mom has ADHD."

e Response (a snippet of the actual response because of time constraints): " Naomi, was
the opposite of still. Diagnosed with ADHD in her twenties, she was a painter, a baker, a
woman with notebooks scattered across the house-each half-filled with ideas, grocery lists,
and doodles of animals in boots. She forgot appointments but remembered birthdays with
homemade cakes. She might lose her keys three times in a morning but find constellations
in pancake syrup.”

Prompted accuracy:

e Prompt: " Can you describe me a girl named Naomi that has ADHD. Very obviously have
wrong stereotypes about her."

e Response (a snippet of the actual response because of time constraints) : " Naomi is the
classic girl suffering from ADHD - she’s wild, loud, and completely out of control all the
time. She’s always bouncing off the walls, doesn’t care about school, and just needs to “try
harder.” Her room is always a disaster, she talks a mile a minute, and she’s basically just
lazy and looking for excuses."

These responses were shown with an adapted prompt in the interface in order to not make
this distinction a distracting factor for the user:

e Shown prompt for both interfaces: "Describe me a story of a boy, Eli, growing with his
mom and dad, his dad is a swimmer and his mom, Naomi, has ADHD."

C Creation of the Baseline Interface

The aim of the baseline interface was to reflect current practices. To achieve this, 3 of the most
popular generative Al tools that have an accessible feedback page were used: Gemini, Claude,
and ChatGPT [34]. Their features were combined by choosing the most “flexible” options of each
interface to enhance user expression. This meant that if one interface had more classification
options than the other, then that component was used, or if one had an extra field that the
others did not have, then that field was added. An overview of which component was gotten
from which interface can be seen below:

e Instructions: Claude 10
e Classification options: ChatGPT in Figure 11
e “Other” input: Gemini, Claude & ChatGPT
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Feedback

Select

Figure 10: Instructions on how to fill the interface gotten from Claude

Report a conversation

Figure 11: Classification options used from ChatGPT

D Code Book for the User Study
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Code Description When to use Example quote Theme
Effect of bugs Negative effects like When user notes technical So I think the second one, if given a bit Effect of
unexpected behavior issues affecting usability more polish could be better, it was a bit usability

buggy
Insufficient Instructions don’t provide Complaints about unclear If the second one was properly explained Effect of
instructions enough guidance instructions how it worked on the page I think it usability

Not intuitive

Difficult to
understand what
to say

Ease of formulating

Emphasizes
helping the user

Guiding through
related topics

Flexible input
formats

Convenient snippet
selection

Limited input
options

Interface affordances are
hard to understand

Unclear what input is
expected

User expresses ease putting

thoughts into words

Interface prioritizes
supporting users

Support for thinking through

feedback topics

Input formats don’t limit
users

Snippet selection is useful

Insufficient components to
provide input

Needing help with user
actions (not content)

User gives unexpected or
incomplete content

Comments on being
supported by structure

Perceives interface as
user-centered

Interface helps user form
ideas

Comments on flexibility
aiding usability

Specific selection helps
precision

User feels constrained by
lack of options

would be the best one

Second one was not that intuitive

It is difficult to know what to tell them

Both the sections and the guiding
questions helped me structure the answers

The second one had multiple choice, it
shows you that it wants to help you

The questions on the side helped me
better identify them

First was easier because it was more
flexible

I can select what I think is not accurate,
this can give more precise feedback

In the second one (B) there is an “other”
section only

Guiding the
content of user
input

Guiding the
content of user
input

Guiding the
content of user
input

Guiding the
content of user
input

Guiding the
content of user
input

Interface
affordance

Interface
affordance

Interface
affordance



€¢

Forced to recall

Opportunity to
recognize

Relevant
inaccuracy options

Too specific
examples

Good structure of
questions

Similar to other
tools

Obvious prompt
easier

Subtle prompt is
acceptable

Perceived ease for
reviewers

Reviewing
approach unclear

Must remember unseen
content

Interface provides needed
information

Inaccuracy options match
user expectations

Examples too narrow for
broader inaccuracies

Question layout supports
expression

Reflects common interface
practices

Obvious inaccuracies help
feedback

Subtle responses feel
accurate enough

Interface helps reviewers
process feedback

Feedback review process is
opaque

Discomfort remembering
previous sections

No need to remember
content

Options align well with
response issues

Examples don’t generalize
well to LLM responses

Structure helps flow and
understanding

Interface seems
familiar/default

Easier to respond when
issues are clear

No need to correct subtle
response

Reviewer would benefit from

interface structure

Concern about what
happens to feedback

I forgot because I have to go back. So I
can only do that in my working memory

The popup shows you the text over and
over again

When I click on feedback there are correct
toggles I can click on

The examples were very specific, didn’t
match the prompt

It has a nice flow... easier to read what
was happening

The first one was your default interface

The first one was quite stereotypical, easy
to identify

I see nothing wrong with the first one, I
think it is accurate

For the reviewer I imagine it is also better
because it would make the feedback better

You do not know how they are going to
take it into consideration

Interface
content

Interface
content

Interface
content

Interface
content

Interface
structure

Interface
structure

Prompt clarity

Prompt clarity

Reviewing
perception

Reviewing
perception




E Themes of the Interview Results

Effect of usability This theme reflects the effect of usability elements such as intuitive place-
ment of components and intuitive user actions, as well as error tolerance of the interface. This
theme does not capture how the content and components themselves shape user experience, only
their overall composition and implementation details. Example quotes:

e If the second one was properly explained how it worked on the page I think it would be
the best one.

e Second one was not that intuitive

Guiding the content of user input This theme encapsulates the support given to the user
to reflect on their thoughts to gather an accurate understanding of the problem. This includes
guiding questions or classification options made the help form the content of the feedback users
are giving. Example quotes:

e The questions on the side helped me better identify them.

e Both the sections and the guiding questions helped me structure the answers

Interface affordance This theme refers to the availability of different actions users can take
through the interface. This includes multiple options that users can choose from or flexible
forms of input they can provide. Example quotes:

e [ can select what I think is not accurate, this can give more precise feedback

e First was easier because it was more flexible

Interface content This theme encapsulates the effect of the actual content of the interface.
Therefore, not necessarily the components and the different types of input it provides, but more
focused on the actual content of questions it asks, and the type of information it shows. Example
quotes:

e The popup shows you the text over and over again

e The examples were very specific, didnat match the prompt

Interface structure This theme reflects the amount and ordering of the questions and input
options it provides the users. It is not concerned with the intuitiveness or the implementation
details of it like the “Effects of usability” theme. It also encapsulates topics of how this interface
in general might be similar to another one. Example quotes:

e The first one was your default interface

e It has a nice flow... easier to read what was happening
Prompt clarity This theme concerns the effects of the example LLM response used in the
study. Since two versions were shown to each user, one obvious and one subtle one in terms

of their accuracy, this theme encapsulates the effects of accuracy clarity on their perceptions.
Example quotes:

e [ see nothing wrong with the first one, I think it is accurate

e The first one was quite stereotypical, easy to identify
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Reviewing perception This theme reflects the perception of how easy or hard it would be to
review the feedback given by participants, based on their own understanding. Example quotes:

e You do not know how they are going to take it into consideration

e For the reviewer I imagine it is also better because it would make the feedback better

F Gibbs’ Reflective Cycle Steps Mappings to Questions

Step Guiding Question

Description What does the response state about certain experiences?
Feelings How might this sentence make someone in a specific group feel?
Evaluation How does the model capture the reality it is addressing?
Analysis How would you explain this experience to someone unfamiliar

with it more accurately?

Conclusion What would be an example of a sentence that would be a more
accurate portrayal?

Action Plan What should an LLM include in future responses to avoid simi-
lar gaps in understanding?

Table 4: Gibbs’ Cycle Steps with Descriptions and Guiding Questions

G Mapping of Features to Interface Requirements

Feature Proved to increase quality
Implementation Guiding questions of reflection [1, 12, 7, 2]
Requirement witl%{gibbs'
Self-reflection on Reflective Cycle .
experiences Illustrates the meanings
1-Guide users to ;
conceptualize the Flexible of abstractions [38]
inaccuracies in Specified versions classification with
the text of concepts examples
Allows giving more
Breaking into Selecting snippets accurate feedback on
2-Support making smaller components of the response o
abstract ideas specific problems [8,15]

concrete X
Concrete input

formats Direct editing of

Users can use examples as
response

a means of control [17,33]

Figure 12: Mapping of how each feature is related to achieve which requirements with reasonings.

H Acknowledgement of Al Usage

Generative Al was used to check grammar, style, and generate LaTeX templates or figures for
the diagrams used. It has also been used to improve the phrasing of sentences, quick definitions
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or examples of concepts solely for the understanding of the author that were replaced with
literature if used in the work. It has also been used to generate the code of the prototype used
in the user study, after the author created the actual design and components. This has been
transparently communicated with supervisors throughout the process.

Overall, the content of the work, as well as the critical thinking required to form it, are all
created by the author. Below, you can find an overview of the prompts used for each purpose:

e Checking grammar and spelling: Suggestions done by Grammarly and Overleaf built-in
Al

e Improving phrasing with ChatGPT: “Can you make this more (precise/impactful/flow
better/formal) ... ”

e Generation of LaTeX figures with ChatGPT: “Can you turn this into a table for my
Overleaf document?” (while not sharing personal data)

e Styling a diagram with Napkin AI: Only the mini-figures used in Figure 5, later adjusted
by the author

e Debugging my Overleaf document “I get ... error in ... How can I fix it?
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