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1 Introduction

Algorithmic decision-making (ADM) systems are increasingly used in public institutions to make critical decisions
about individuals. These systems rely on data processing and statistical inference to derive information that
is deemed useful for decision-making [45]. Examples of such systems were used or piloted for employability
scoring [73, 82], recidivism prediction [23], and welfare fraud detection [87]. In these areas, individuals subjected
to institutional decisions are vulnerable to harms from erroneous, unfair, or unchecked algorithmic decisions [7].
To reduce these harms, ethical [46] and regulatory [43] frameworks set trustworthiness requirements for ADM
systems, including preserving human agency, transparency, and accountability [2]. Explainability and contesta-
bility are design principles that can realize these requirements [77] by making systems understandable [6] and
responsive to dispute [4], but their implementation in specific contexts remains an open research area.

This study explores the design of explainability and contestability in the context of ADM systems in the public
sector, motivated by a real ADM system in the French social insurance that scores welfare recipients’ fraud
risk [1, 87]. This system serves as an example of a high-risk public sector ADM system, which has been reported
to produce automation-driven intersectional discrimination [73], lasting algorithmic imprints on institutions and
society [40], and adverse impacts on large groups from faulty decisions [16]. These experiences raise questions
about how society can build capacities for explaining and contesting potentially harmful algorithmic decisions,
as described in previous work as contestability loops [5]. Social support organizations are one likely location for
these capacities: civil society institutions that provide welfare services such as housing, financial, and asylum
assistance [56, 117]. Social counselors in these organizations are in direct contact with individuals impacted by
administrative decisions and represent their clients before state agencies [58]. In the context of contesting ADM
systems, this gives them a pivotal position as humans-in-the-contestability-loop [5, 30].

The roles of social counselors can be compared to those of social workers [57], case workers [19], and frontline
workers [58] in that they provide advocacy, bureaucratic navigation, and client support. Similar roles are present
in various forms of civil society organizations that make up non-governmental social security networks in welfare
states [57]. Our work considers social counselors as domain experts for social work and administration, with
tasks composed of advisory, emotional, and procedural support. Examples of their work in the context of welfare
benefits include advising clients on their entitlements and assisting with applications, completing and submitting
documents to state agencies, offering emotional support during times of hardship, and resolving issues with state
agencies, such as missed deadlines or incomplete documentation.

While previous work in human-centered explainable Al [41] has explored design for developers [71] and lay
audiences [81] or Al novices [78], the roles and requirements of mediating actors such as social counselors are rarely
explored in detail. Further, while contestability is studied in a body of conceptual [26, 49, 56] and legal [54, 77]
research, few studies advance concrete design solutions situated in the context of public institutions [3, 76, 116].
In this work, we aim to address this gap by answering the following research questions:
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[RQ1] Context: How do individuals affected by algorithmic systems (social workers and decision subjects)
perceive contestation, and what information do they need to act on it?

[RQ2] Requirements: What are the design requirements for information hierarchy, explanation, and contesta-
tion elements that help social counselors understand and contest algorithmic decisions?

[RQ3] Design: How should information hierarchy, explanation elements, and contestation features be designed
to meet counselors’ requirements?

[RQ4] Effect: How do conversational, regular, and no explanations impact counselors’ ability to contest
algorithmic decisions and influence their understanding, agency, contestation choice, and confidence?

To address these questions, we follow a participatory design approach [85] to develop and test an explanation
and contestation interface that supports counselors in understanding, explaining, and challenging algorithmic
decisions. The study proceeds in three stages: I. analysis of requirements and context of use, II. design and testing
of low-fidelity prototypes, and III. development and evaluation of a high-fidelity interface. Each stage is realized
as a task-based interview with social counselors and a client recruited from Volkshilfe Vienna, a social support
organization, and analyzed for participants’ understanding and contestation experience (Figure 1).

Our findings provide a detailed characterization of counselors’ roles as mediators for their clients, whom
we identify as served users, and highlight counselors’ need for brief and easy-to-understand explanations and
justifications. The discussion provides four lessons from explanation and contestation design in the public sector,
including the importance of considering social constellations, the role of justifications in supporting collective
contestation, the challenges of participatory approaches in multi-stakeholder contexts, and the inclusion of legal
information within the scope of XAI We envision these insights to contribute to the realization of trustworthy Al
in concrete public sector contexts, and to provoke further discussion on the role of explainability and contestability
in making high-risk Al systems understandable and responsive to dispute, particularly for Al novices.

2 Background and Related Work

This section introduces key concepts relevant to the study and describes related work, including: Algorithmic
decision-making systems in public institutions (2.1), concept and design foundations of contestability (2.2) as
well as explainability (2.3), and the relevance of the trustworthy Al policy knot for this study (2.4).

2.1 Algorithmic decision-making in public institutions: The CAF algorithm

The European Parliament defines algorithmic decision-making (ADM) systems as systems that assist human
decision-making by using data processing, machine learning, or rule-based reasoning [45]. We use ‘Al system’
synonymously to capture systems with symbolic and subsymbolic learning components, following XAlI, societal,
and regulatory usage [67, 83, 117]. This study focuses on an ADM used by Caisse d’allocations familiale (CAF), part
of France’s social security [88], which uses logistic regression to predict welfare fraud likelihood from household
investigation data labeled with overpayments. About 13 million households (roughly half of France) are regularly
monitored, and 100,000 are flagged for investigation each year [87]. In October 2024, civil society organizations
filed charges alleging discrimination against marginalized groups and ineffectiveness [1]. Similar systems exist in
Poland [82], the Netherlands [34], and the US [23], making the CAF algorithm a current and generalizable class
of public-sector ADM systems. More details about the CAF algorithm are included in the appendix.

2.2 Contestability of algorithmic decisions and design for contestation

Contestability makes systems responsive to dispute [3] by enabling actors (e.g., controllers, decision subjects)
to “understand, construct, shape, and challenge” predictions [59]. It aims to increase systems’ legitimacy over
time [5] and surface embedded values [59]. Contestation can be realized through interactive controls to change
inputs or challenge decisions [5], human intervention constellations [30], and assessments and audits [109],
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and can be enacted via judicial pathways (appeals, courts) and non-judicial pathways (social or institution-
internal interventions) [75]. Contestation mechanisms must fit the intended user audience and domain, as users’
preferences and information needs can depend on their Al literacy and prior fairness experience [114]. For example,
social platforms may afford contestation through moderation [108], whereas public administrations may rely on
fair hearings and judicial review [75]. To this end, human-centered and participatory design methods are a viable
approach that has been used in previous work on contestation design [3, 5], also motivating their use in this study.
While previous work further explored the conceptual intersection of explainability and contestability [49, 77, 113],
their practical intersection remains underexplored, a gap that this study aims to address.

2.3 Designing explanations for Al novices and decision subjects

Explainability means making an AI system understandable in its logic, input features, and purpose [67]. It
can be an inherent attribute in interpretable white-box models) or provided through post-hoc explanation
for non-interpretable black-box models [92]. Explanations need to be adapted to user needs [67] in scope
(local vs. global), and format (text, visuals, numbers) [103], and may also cover a system’s deployment context,
including its purpose and embedded values [96]. Compared to explanations for technical experts [6, 79, 103],
explanations for lay audiences or Al novices [78] are a comparatively new addition to XAl Tools like the
Explainer dashboard [35] offer many methods but are not usually designed for or evaluated with non-experts,
creating a “sociotechnical gap” [39], which can be addressed through question-driven [71], participatory [69],
and collaborative design [111]. Conversational explanations from LLMs [102] can help Al novices in reaching
accurate answers [102] and in reasoning [22]. While prior XAI has designed explanations for non-experts in
auditing [66], fairness assessments [81], and deployment decisions [96], few works examine how explanations
support Al novices in contesting algorithmic decisions, which is the focus of this study.

2.4 The trustworthy Al policy knot

Policy texts like the EU AI Act [43], Digital Services Act (DSA) [8], GDPR [44], and the proposed Al Bill of
Rights [51] aim to ensure high-risk ADM systems are deployed as “trustworthy” [106], respecting human agency
and oversight, privacy, non-discrimination, accountability, and transparency [46]. Realizing and safeguarding
these principles spans many domains, forming a policy knot [53] of legal, institutional, and academic practices.
This paper examines the Al policy knot by exploring the realization of trustworthy Al via a participatory design
process [85]. Prior work has analyzed the EU AI Act’s implications for explainability [83], the role of contestability
in procedural justice [68] and society [5], and their regulatory intersection [77]. However, to our knowledge,
our study is novel in its use of participatory design to examine the implementation of an explainability and
contestability interface in a high-risk public sector context.

3  Methods

This work follows a three-stage participatory design process. This section describes the participant population
and recruitment (3.1), the three stages of the overall research and study process (3.2), and summarizes the analysis
metrics and methods (3.3). The authors’ university’s Research Ethics Committee approved this study.

3.1 Participants

All participants in this study were Al novices [78], i.e., stakeholders with no knowledge of the technical foundations
of Al systems. They were also affected stakeholders [67], i.e., decision subjects who would be affected by algorithmic
welfare decisions or social counselors who would be responsible for those directly affected (social workers, social
pedagogues, adult representatives). Both attributes were elicited through a screening survey that included
questions about Al self-efficacy [52], participants’ occupation, and their experience with welfare benefits. The
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aim of this selection was to explore the lived experiences of individuals in direct contact with the social agency in
order to understand the layers of administration and the effect of an ADM system in this context (RQ1-Context),
as well as the issues that an explanation and contestation interface could address and, importantly, not address
(RQ2-Requirements, RQ3-Design). Table 1 provides an overview of participants’ occupation and participation in
the three study stages.

Participants were recruited from social support organizations that offer free services to people in need (e.g.,
welfare recipients, job-seekers, refugees). Social counselors, who are in close contact with the social agency,
served as our main informants. Although the study initially focused on clients, counselors anticipated low
responsiveness and limited capacity, which was confirmed by recruitment. We therefore focused on counselors,
who would represent and support clients if they were algorithmic decision subjects, leading us to frame decision
subjects as served users who would not use the system directly but would be affected by its use [37]. The sample
size followed guidance from formative user testing [107] and from meaning and code saturation [50].

Table 1. Information on the participants and their involvement in the three study stages. Column Il details which high-
fidelity prototype participants interacted with: regular explanations (A-flow) or added conversational explanations (A-LLM).
*P1 and P2 participated together.

ID Agerange Occupation I I II ID  Agerange Occupation I I II

P1* 50-59 Client ) P7  30-39 Social worker « « AILLM
P2* 50-59 Social worker « « ALLM|P8 30-39 Adult representative «  A-flow
P3  50-59 Adult representative + « A-LLM | P9  50-59 Social pedagogue A-LLM
P4 40-49 Social worker « « Aflow | P10 20-29 Ombudsperson A-flow
P5 30-39 Social worker « « Adflow | P11 30-39 Social worker A-LLM
P6  30-39 Social worker . P12 40-49 Social worker A-flow

3.2 Research process: Participatory design in three stages

Participatory design (PD) emphasizes cooperation, democracy, mutual learning, and creativity [85]. Acknowledg-
ing PD as nuanced and on a spectrum [110], we briefly outline the participatory aspects of our approach. We
adopt Badker et al. [13] and Delgado et al. [32]’s view of PD: engaging people in designing future technology by
prioritizing self-determination and agency [112] to influence systems that affect their work and daily life. Prior
work further highlights the need for situating PD in specific contexts [48]. We incorporate these principles by
focusing on a high-risk public-sector Al use case and aligning the explanation and contestation interface with
the values and interests of social counselors and clients. Per Wacnik et al. [110], we describe our design process
as emergent (responsive to user needs), emphasizing direct participation, engaging users throughout the process,
relying on iterative activities, and using multiple techniques (personas, scenarios, interviews, prototyping). Unlike
user-centered approaches that focus on usability metrics (effectiveness, efficiency, satisfaction) [18, 91], PD also
challenges power structures and enables meaningful non-expert contributions [32], a core aspect of this study.
Thus, our process aligns with most properties regarded as essential to PD, with potential limitations discussed in
Section 7.2. The design process is structured along the following three design stages [99]:

Stage I: Understanding context of use and analyzing requirements. Stage I served to understand social counselors’
relation to their clients and the social agency, their reaction to the algorithmic welfare fraud detection system,
and their information needs and requirements with respect to the interface. In a first interview, social counselors
described their work context, reflected on possible reasons and pathways for contesting decisions made by a state
agency, listed questions about the ADM system, and created initial sketches of possible interfaces. The product of
Stage I was a requirements definition describing counselors’ context of use for an explanation and contestation
interface, its functional requirements, as well as considerations and constraints regarding its design [89].
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Stage II: Low-fidelity prototyping and formative evaluation. Stage Il aimed to evaluate the functionality and
usability of the low-fidelity (provisional, unfinished) interfaces that were created through parallel (multiple
designs at once) and iterative (sequential refining) prototyping [21]. The low-fidelity prototypes were developed
and tested in five iterations with peers experienced in interaction design, resulting in three final interactive
wireframe designs. The prototypes incorporated elements that supported explanation and contestation, such
as a risk calculator, decision procedure flowchart, FAQs, and explanatory videos. In the formative evaluation,
participants discussed and evaluated the requirement analysis (Figure 3) and the three low-fidelity prototypes in
changing order. The user feedback about the prototypes’ functionality and usability then guided the development
of the high-fidelity versions.

Stage III: High-fidelity prototyping and summative evaluation. Stage III evaluated a high-fidelity prototype in
three versions: the baseline (contestation features, no explanations), A-flow (regular explanations), and A-LLM
(A-flow plus chatbot-based conversational explanations). The interface was built with TypeScript/React and
GitHub Copilot.! The chatbot used GPT-5 with retrieval-augmented generation (details in the appendix). For
the summative evaluation, participants contested a fictional decision flagging a fictional client for welfare fraud.
They first used the baseline (B), then A-flow or A-LLM. After B and again after A-flow/A-LLM, participants
made contestation decisions and reported contestation confidence, and feelings of self-determination while using
the interface [11]. Finally, they answered interview questions about their understanding of the system, helpful
explanation elements, and, if applicable, chatbot interactions.

3.3 Analysis

To address the research questions introduced in Section 1, we employed a range of analytical methods, which
always included inductive or deductive thematic analysis of participants’ responses. A detailed summary is
depicted in Figure 1.

RQ Targets Method Study stage
Users' Inductive thematic analysis (TA) !Introductory interview all participants |
RQ1 ) Roles and occupation : h o '
« Roles and aims . . . —=_—" . « Before first participation \
Context N Experience with contestation \ : . . . :
« Information needs Relation to clients and agency \ i+ Questions on role and contestation experience |
Users’ Inductive and deductive TA \  [Stagel 7 participants
RQ2 -seFrjnctionaI requirements Perception of ADM _\;, + Card sort with information needs
Requirements . Usability re Sirements Information needs \ « Sketching of interface ideas
yreq Functional and UX needs \
\ 7 participant
Users' preferences for Inductive and deductive TA \ S:tggloewl_lﬁde”t rototypes participants
RQ3 « Information hierarchy Requirement discussion y prototyp

« Evaluation of requirement analysis and usability

Design « Explanation elements Think-aloud reactions )
« Contestation Features during interaction e
Stage 1] 10 participants
Effect on users’ Inductive and deductive TA « 1 high-fidelity prototype in 3 versions:
RQ4 « Contestation choice Think-aloud reactions no (B), regular (A-flow), and chat (A-LLM)
Effect « Understanding Interview responses « User test of B then A-flow/A-LLM
« Perceived agency Questionnaire responses « Interview to reflect on experience

Fig. 1. Research questions, analysis targets, methods, and study stages. We used multiple analysis approaches to
answer our research questions. For RQ1-Context, we analyzed counselors’ responses about their roles and contestation
experience in the introductory interviews. For RQ2-Requirements, we conducted a card-sort [93] to elicit and compare
their information needs, and used a sketching task as a prompt to discuss the interface requirements. For RQ3-Design,
we analyzed participants’ think-aloud interaction with the three low-fidelity prototypes to identify useful and superfluous
elements. For RQ4-Effect, we analyzed counselors’ think-aloud interaction with the high-fidelity prototype, their perceived
contestation confidence and sense of competence and autonomy [84], and their responses to a semi-structured interview.

The code of the interface is available under github.com/Stimmot/Explanation_and_Contestation_Interface.git
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4 Stage I: Context of use and requirement analysis

This section describes social counselors’ role, their relationship with clients and the social agency, and their
experience in contesting administrative decisions. It further outlines their informational, functional, and usability
requirements for the interface. The findings are compiled into structured personas and a requirement analysis
that serves as a starting point for the low-fidelity design (Figure 3). This section is the result of RQ1-Context
and RQ2-Requirements (Figure 1). Quotes and study material were translated from German into English.

4.1 How do counselors and decision subjects handle contestation of administrative decisions?

Institutional context. All participants were affiliated with or employed by social support organizations: non-
profit welfare institutions providing counseling, housing, and financial assistance. The study focuses on the
organization’s branch assisting clients with housing and social insurance, which can also cover labor, asylum,
and psychological treatment. Social counselors’ work is shaped by interactions with the welfare agency and
clients. Because their work relies on navigating administrative structures via negotiations with human agents,
they saw the hypothetical ADM system as an added barrier to their workflows and client representation.

Relation between counselors and clients. Social counselors assist clients with housing, agency interactions,
legal disputes, and welfare benefit applications. A focus is “financial security and the submission of applications”
(P5), as interactions with the social agency can be anxiety-inducing and complex for recipients: “I was scared, I
didn’t dare to make a claim” (P1). Clients’ reliance on assistance ranges from occasional requests to delegating all
administrative tasks. One such administrative task is handling notices informing clients of benefit approvals or
rejections. These notices are written in highly formal, bureaucratic language, spanning several double-printed
pages with tables, assessment bases, and formalized justifications. Counselors criticized them as “not easy to
understand” (P3), opaque, and unhelpful for fair hearings or contestation. Clients whose applications for welfare
benefits are rejected face severe consequences, including frozen payments and, in suspected fraud cases, lawsuits.
Consequently, counselors prioritize timely resolution when rejection notices arrive and help clients understand
and respond. To this end, they contact the agency directly, coordinate with teams, and file appeals.

Relation between social support organization and social agency. The relation between the state and
support organizations is based on cooperation, but can become tense. Quarterly network meetings of all social
organizations’ management teams serve to discuss new procedures, foster mutual understanding, and address
issues. On the operational level, relations are defined by conflict over recipients’ claims. Counselors “are prepared
to fight battles” (P11) and act as advocates for their clients by promoting their needs to the social agency. This
work is complicated by information asymmetry. For example, the social agency may rely on case files (e.g.,
bank statements, police records) while citing data-privacy rules to limit counselors’ advocacy for clients. This
institutional opacity is well documented in prior work [73, 98, 117] and is perceived by counselors as creating a
power imbalance and reducing options for contestation. While participants were not opposed to automating
administration, many doubted that an ADM system could be responsibly deployed in these circumstances.

Participants’ experience with contestation. Counselors contest and escalate issues via direct contact with
the social agency, internal discussion, cooperation with other support organizations, and, lastly, legal appeals.
Non-judicial contestation (contacting caseworkers, internal discussion) is relatively frequent, but legal steps
are rarer and more critical. Counselors view legal action as serious due to fees and the burden of tracking and
attending proceedings. Such cases are usually backed by institutional support and used to scrutinize broader
aspects of the agency’s decision-making. Contestation can shift from individual, non-judicial matters to collective,
judicial affairs depending on the issues’ severity and precedent. We map participants’ ADM contestation reasons
to categories from prior work [115]: lack of legitimate proof (no proven misconduct), technical inaccuracy,
discrimination (stereotype-based decisions), lack of human involvement, and data-privacy violations. These
reasons informed the contestation features in the low-fidelity prototypes.
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4.2 Summarizing counselors’ context of use and compiling the requirement analysis

This subsection summarizes the insights from Stage I and presents the requirement analysis in Figure 3.

Information needs. We categorize the information needs sourced from the card sorting with social counselors
by procedural, technical, and legal dimensions, following prior work [49, 115]. Figure 2 provides an overview.

Prioritizing contestation. When receiving a negative welfare decision, social counselors and their clients
want to resolve the situation “immediately, [...] the faster you act, the better” (P2). Contestation features should
thus be available from the beginning, together with information about the decision subjects’ rights and possible
grounds for contestation.

Providing justifications. Counselors’ questions frequently aimed for justifications, meaning information
about the norms and values guiding a system [49, 115]. Justifications were requested for, e.g., the system’s design
rationale, the choice of threshold values, and the principles governing deployment, blending system, procedural,
and legal aspects. Designers must decide whether legal and procedural information falls within the scope of XAI.

Many decision subjects are served users. Counselors work as mediators between the social agency and their
clients. As clients are accustomed to delegating issues to counselors and may have psychological or physical
impediments, they may face challenges in interacting with an interface independently and hence are not direct
but served users. We thus position the interface design to support social counselors to a) learn about the system
in more detail for their own understanding, and b) explain to clients the decision basis and show them available
contestation options.

Procedural Total: 16| Technical Total: 42| Legal Total: 6
Is the decision checked by a human? How does the system work? « Which rights do | have?

Which options for contestation are there and what How are the features compiled into a risk score? « On which law is this decision based?
are the risks involved? Is risk increased if the recipient is a single parent? « Which options of legal appeal do | have?
What happens in this process? Why does the number of children influence the « To which benefits am | entitled?

.
« On which basis is this claim made in the decision? risk? Can the benefits be stopped on the
« How much time is there to contest? « Are there any practical examples to see how the basis of such a decision?
« Can someone support me in contesting the system evaluates someone?

decision? How can risk be reduced?

Who is responsible for the system?
Why is this system used?
Who developed this system?

What does the system know about the recipient?
How does the system receive its data?

Are there any biases in the system?

Is it possible that the results are inaccurate?

Fig. 2. Information needs. Most of the participants’ questions focused on technical aspects such as the system’s logic, local
prediction instances, counterfactuals, and accuracy. Procedural questions were asked about human involvement, contestation
options, risks, and responsibility. Legal questions pertained to rights and underlying laws. The appendix provides the full list.

REQUIREMENT ANALYSIS Explanation and Contestation Interface Functional requirements
Goal « Let users contest social agency decisions
« Provide overview of decision process
 Let users calculate risk
« Explain consequences of contestation
« Provide list of support adresses

Interface to help social workers and decision subjects understand the system decision process and contest it.
Users receive information in short time and enact contestation.

Personas

Martin Louise Thomas Usability requirements
Social worker Part-time Retired « Easy to handle and understand
Supports clients Social benefits Social benefits « Convey important facts in 10 min.
Committed Single parent Impediments « Provide plain language option
Expert user First-time user Served user « Do not discourage users

Aims Aims Aims Desirable UX

+ Understand decision and rights + Understand decision and rights + Find help adresses Helpful Easy Clear Brief Engaging

+ Find contestation reasons + Find contestation reasons + Contact trusted person Undesirable UX

+ Escalate if necessary + Resolve issue quickly + Find contestation support ndesirable

+ Resolve client’s issue quickly Frustrating Patronizing Annoying Complicated

Fig. 3. Requirement analysis. The requirement analysis served as the basis for the prototype designs, focusing on three
personas: Martin, as a social counselor, and Louise and Thomas, as decision subjects. Thomas is a served user who does not
interact with the interface himself; instead, he receives support from Martin, the primary user.
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5 Stage Il: Low-fidelity prototypes of three explanation and contestation interfaces

This section outlines the design and evaluation of three low-fidelity prototypes to validate requirements and
assess whether information needs were met. This section is guided by RQ3-Design (Figure 1).

5.1 Low-fidelity prototype design process

We developed low-fidelity interfaces through five iterations and pilot-tested them with peers [99] to refine
design and usability. The final three prototypes were interactive wireframes built with Balsamiq [104]. We
reviewed existing explanation and contestation designs to identify elements that could meet users’ requirements
(Figure 3). These elements included process-centric explanations [113], local explanations and counterfactuals [69,
86, 97], system performance depictions [100], and conversational explanations [102]; a detailed list is included
in the appendix. These approaches provided intuition for design directions, but most explanation designs
achieved a level of detail beyond counselors’ requirements: “It should be helpful, brief, and easy” (P2). Prior work
examined contestation conceptually [5, 75, 109] and theoretically [49, 54], but design solutions for Al novices
are underexplored. The prototyping process thus aimed to refine explanation elements to fit social counselors’
needs and to draft and iterate features for selecting contestation reasons and pathways. Examples of low-fidelity
designs are depicted in Figure 4.

Fig. 4. Examples of low-fidelity designs. Single panels taken from five iterations of paper-based low-fidelity interface
designs depicting flowchart (left), risk calculator (middle), and system performance (right). See the appendix for additional
examples.

5.2 Formative evaluation: Participants’ feedback to the low-fidelity prototypes

We tested three wireframe interfaces in the formative evaluation: Manual and Checklist, Chat assist, and Builder. All
had four key explanation elements (flowchart, calculator, performance, and feature weight table), six contestation
reasons (lack of proof, no mention of algorithmic system, no human intervention, data privacy violation, incorrect
decision, and discrimination), and three pathways (write to social agency, contact support organization, file legal
appeals). The interfaces differed in their information hierarchies and in how they handled contestation. Manual
and Checklist featured a landing page with two main options, “Investigation” (explanations) and “Action”, where
users could select from a reason checklist to receive a suggestion for a contestation pathway. Chat Assist featured
a chat that flexibly answered questions within a window where users could ask questions freely and use an
automated analysis of their notices to receive reason and pathway suggestions. Explanation elements were linked
in the chat responses. Builder directly presented users with an overview of contestation reasons and pathways
and linked to explanation elements as additional information, users could save reasons and pathways into a list
and generate a recommendation on how to proceed.

Information hierarchy and navigation. All participants appreciated the split into information and con-
testation as a structuring element in the manual and checklist interface, stating that it was easy to understand
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while always leaving open a direct path to contestation. The navigation through conversation in chat assist was
perceived by many as cumbersome and an impediment to accessing relevant information, and the saving list
functionality of the builder interface was seen by several participants as unnecessarily complicated. We thus
adopted the “Investigation” vs. “Action” information structure as the main navigation for the high-fidelity designs.

Explanation elements. All participants appreciated the flowchart for its explanation of procedures and
consequences. The risk calculator was seen as useful for exploring specific decision cases and computing
counterfactuals, while the detailed table of feature weights was seen as too much, yet also helpful for escalating
contestation. Several counselors worried that disclosing the calculation logic could burden clients, which is
explored in detail in Section 6.2. The system’s true positive and false positive rates were seen as a good contestation
reason and motivated counselors to act on it: “If that’s true, that’s awful.” (P5) All four explanation elements were
adopted and refined for the high-fidelity prototypes.

Contestation features. Participants appreciated the contestation recommendations present in all three
interfaces, i.e., letter templates, support contacts, and automated notice analysis. However, participants stated that
an appeal must be provable to the social agency and doubted that automated analysis of notices would uphold
clients’ privacy. The selection of contestation reasons was deemed sensible, except for the data privacy violation,
which was seen as too difficult to prove. This reason was thus exchanged for one stating that the system used
outdated information.

5.3 Key findings of the low-fidelity prototype evaluation

This subsection summarizes the Stage II findings that form the basis for the high-fidelity designs.

Process first, model second. The flowchart was unanimously considered helpful to understand the possible
courses of action and situate information about the ADM system. Following this feedback, the flowchart was,
therefore, positioned as the first explanation element in the high-fidelity designs.

Contestation is not risk-free. Participants emphasized that the interface should inform about the risks and
consequences of contesting, such as the freezing of benefit payments during a pending appeal. Counselors further
commented that legal appeals are “a considerable barrier for many people” (P10) due to the high knowledge
threshold and financial burdens, and that they should be recommended cautiously. We found a tension in the
design of contestation features, as counselors cautioned that contestation should be quickly and directly accessible,
yet not so effortless as to trivialize the action. In the high-fidelity prototypes, we resolved this tension by requiring
users to acknowledge information about their rights and the consequences of contestation before proceeding to
the contestation options.

Chatbot introduces interaction challenges. Participants appreciated the option for flexible inquiry, but found
the navigation confusing and had difficulties formulating questions. We decided to incorporate conversational
explanations in the form of a chat sidebar in the high-fidelity designs, which counselors could use to ask questions
that the regular explanations could not answer, but also ignore without issue.

6 Stage lll: Design and evaluation of the high-fidelity prototype

This section describes the development of a converged high-fidelity interface and the evaluation with 10 social
counselors, focusing on the role of human intervention, the use of explanations for contestation decisions, and
the advantages and drawbacks of conversational explanations. This stage was guided by RQ4-Effect (Figure 1).

6.1 Design of high-fidelity interface versions and interview process

The high-fidelity prototype featured three versions: a baseline interface with contestation features but no
explanations (B), an interface with explanation elements including flowchart, risk calculator, system performance,
and detailed feature weights (A-flow), and an interface with an added chat interface for conversational explanations
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(A-LLM). Both A-flow and A-LLM also contained the contestation features of B. The high-fidelity interface included
all explanation and contestation elements perceived as useful by participants in Stage II. For A-LLM, the system
prompt framed the chatbot as a web-based support agent helping recipients understand and contest algorithmic
welfare decisions through explanations, information on their rights, and guidance for contestation. The three
interface versions were tested and iterated in two pilot studies with peers experienced in interaction design to
spot errors and refine usability.

For the evaluation, participants again contested a fictional algorithmic welfare decision for a client. They first
interacted with B, then proceeded to either A-flow or A-LLM, alternating according to interview order. After each
interaction with B and A-flow/A-LLM, participants selected from six contestation reasons and four pathways,
reported their decision confidence, understanding, and rated their sense of autonomy and competence [84]. This
split allowed for a two-way comparison: no explanations (B) vs. explanations (A-flow/A-LLM), and regular expla-
nations (A-flow) vs. conversational explanations (A-LLM). The three interface versions are depicted in Figure 5,
and the interview procedure is depicted in Figure 6. The appendix provides more information on the interview
procedure and chatbot configuration.

CCONTESTATION GUIDE | | CONTESTATION GUIDE nformaton | Corvest ®

Contest bk

The decision-maki

To appeal, you must decide which reasons apply.
s this case by licking on the con

A B

CONTESTATION GUIDE #  CONTESTATION GUIDE

nnnnnnnn n -

Risk Calculator

Fig. 5. Views of the high-fidelity interface. The baseline interface (A) only included brief descriptions of decision subjects’
rights, and a selection of contestation reasons and channels. Interface A-flow included four explanation elements, such as a
flowchart (B) and an interactive risk calculator (C). Interface A-LLM (D) additionally provided a chat sidebar for flexible
inquiry.

6.2 Summative evaluation: Counselors’ understanding, sense of agency, and contestation choices

6.2.1 Human intervention is an essential element of explainability and contestability. Insights from Stage I and
Stage II demonstrate that social counselors act as mediators between social agencies and decision subjects,
representing clients and navigating the administrative structures of the welfare services: “We are ourselves like
mini-computers” (P2). Explanations and contestation features must thus be integrated into counselors’ work
routines, who act as embodied safeguards for transparency, human autonomy, and oversight. Social counselors
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Fig. 6. Stage IlI: Interview procedure for the evaluation of the high-fidelity prototypes.

emphasized that, although the interfaces’ contestation features were deemed helpful in reducing workload and
speeding up processes, the automation of the contestation process was seen critically. P9 commented: “If I respond
with an automated letter, I can just let the two Als figure out between them what makes sense or is correct. [...] We
shirk our responsibility as humans.” Importantly, this aversion was two-sided. It pertained both to the logic of
making algorithmic welfare decisions about individuals, which participants fundamentally disagreed with, and to
the necessity of understanding and tracing this algorithmic logic to build a contestation case, which was described
as “depressing” (P10). Consequently, participants emphasized two major points in the design of contestation
interfaces: prioritizing features that ensure a fair and personal hearing of decision subjects, and providing clients
with points for human contact.

6.2.2 Counselors filter information for relevance and emotional impact on decision subjects. Social counselors
assume a position of responsibility and control, as they must understand and resolve administrative issues while
also selecting the information to show to clients. This produced a two-faceted interaction in our study: Counselors
judged each interface element for its contribution to their own understanding, and for its use in client-side
explanations. All participants appreciated the flowchart for providing information about the decision procedure
and the steps of contestation. The risk calculator and system performance were perceived differently. P11
described the calculator as helpful for explaining scenarios to clients, while P9 perceived it as not truly improving
transparency, as the feature weights were not sufficiently justified and remained untraceable. Many participants
perceived the system’s low true-positive prediction accuracy of 35% as a good justification for contesting and as a
way to encourage clients. P7, however, cautioned that this could incite false hopes if the prediction were, in fact,
correct. While we thus find unanimous approval of procedural information, the authority and control produced
through numbers and technical explanations have to be carefully framed and communicated by the designer. If
not, the impact of such information can be devastating, as P10 describes from a client’s perspective: ‘T now saw
how the algorithm works. I understand that I am, in fact, one of those people. And maybe what the algorithm decided
is right after all. You just think to yourself: Well, there’s a lot of shit in my life.”

6.2.3 Explanations help counselors to assess contestation reasons and pathways. Social counselors consistently
contested the agency’s algorithmic decisions, seeing it as their duty to try everything for clients. Explanations
did not change their overall contestation choices but shaped which reasons and channels they considered: “Before
[in B], it only says Here you can contest’ [... ] but now [in A-LLM] it is supported with data” (P11). When asked if
explanations were necessary, almost all agreed and described that explanations i) yielded new reasons to contest,
ii) confirmed intuitions about suitable contestation reasons, iii) provided information to escalate via intervention
networks, and iv) would help convey the process to clients. Not all of these purposes for explanations were valid
for all participants: P3 and P8 stated that they would not use technical details (e.g., feature weights, performance)
as they were outside of their expertise. P9 and P10 criticized the lack of justification for the values and principles
guiding the ADM and its design [31], producing a “pseudo-justification of the decision by bombarding you with
technical details” (P10). Thus, while explanations are helpful, the provided information must balance technical
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detail with normative context about the system’s sociotechnical setting. Further, explanation elements and
contestation features should align with administrative laws and procedures familiar to counselors to give “basic
guidelines within the legal framework for determining what claims I have” (P8). The implications of including such
legal information in XAI design are discussed in Section 7.1.4.

6.2.4  A-flow vs. A-LLM: Conversational explanations can be a flexible support to counselors, if they are adopted.
In comparing A-flow and A-LLM, we focus on participants’ perceptions of the chat interface, the sole difference
between the two interfaces, which was designed to enable flexible inquiry and conversational explanations.
Reactions were polarized: of five participants, P2 and P11 did not use the chatbot, assuming it wouldn’t provide
relevant information; P3 and P7 valued asking flexible questions and found answers helpful; P9 found them
superficial, verbose, and imprecise. Participants’ questions to the chatbot included: “What happens with the
appeal?” (P3), “Why are people affected by poverty at increased risk?” (P3), and “Is the decision based on
stereotypes?” (P7). For the latter, P7 pasted the client’s profile and the chatbot listed attributes that could
indicate discrimination, leading P7 to revise the decision: “Based on that, I would not choose stereotyping as a
reason anymore. [...] That it’s inaccurate is actually a much better reason for objection.” Thus, conversational
explanations can provide detailed, targeted justifications that complement existing approaches, but negative
expectations may deter users (such as P2 and P11). In summary, conversational explanations can help address
knowledge gaps but pose challenges of imprecision and hallucinations. Given risks of misinterpretation and
overconfidence, they should be deployed with caution in high-risk contexts.

7 Discussion

In this section, we reflect on our findings to formulate four lessons for designing explainability and contestability
in high-risk ADM systems in public institutions. The section argues that XAl and contestation design must
account for the social constellation of actor-networks [55], emphasize justification design to support collective
contestation, consider adversarial over participatory design in multi-stakeholder contexts, and decide whether
legal information is in scope when designing for contestation, followed by a discussion of the study’s limitations.

7.1 Lessons learned from designing explainability and contestability in the public sector

7.1.1 XAl design needs to take into account the social constellations that underlie contestation in real-world
contexts. Our findings demonstrate that the design of explanation and contestation of algorithmic decisions
is not necessarily focused on single users, but can pertain to multiple actors in a sociotechnical constellation.
Having started from the goal to design for decision subjects, the design process of this study pivoted to focus on
social counselors as they act in a range of humans-in-the-loop [30] roles: as safeguards of affected individuals’
dignity; allocators of accountability for administrative failures; advocates for other humans’ values; and warm
bodies to retain human points of contact. Fulfilling these converged roles makes social counselors humans-
in-the-contestability-loop: crucial stakeholders for the policy-compliant implementation of explainability and
contestability. XAI design needs to account for this convergence of roles by specifying how user roles relate to
each other and which information they are expected to share and act upon. Human-centered XAI cannot limit its
design scope to the individual level in high-risk settings, as the actions of actors, such as decision subjects, can
depend on the support or authority of other actors, such as social counselors and the welfare agency. Tools such
as question banks [71, 96], requirement analyses [89], and prototyping [99] can outline users’ information needs,
functionality, and usability requirements. But power structures and social dependencies are equally important
in the context of contestation of high-risk algorithmic decisions [28] and should be considered in participatory
explanation design. We see a sociotechnical gap [39] in the lack of exploration of these aspects. Future work
should thus aim for a stronger integration of the dimensions of human actors in shared contexts by drawing
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on actor-network theory or activity theory [24, 55] and carefully situate design solutions within these shared
contexts.

7.1.2 More work on justifications is needed for XAl to support transforming individual into collective contestation.
Our findings demonstrate that contestation for social counselors can be realized in two main ways: by contesting
the decision of an individual client, and by challenging the system’s legitimacy in total. Drawing from previous
work [114], we describe these dimensions as individual and collective contestation, respectively. Collectivity
here means the coordinated action between counselors and support organizations to build a stronger case of
objection. Explanations can support the transformation of individual to collective contestation cases by allowing
users to scrutinize the fairness or adequacy of the system’s design decisions, human oversight, or deployment
circumstances. Whereas traditional explanation methods [79] mostly allow interpretation of the ADM system
itself, such as the selection of feature weights or model choice, justifications can enable the assessment of
oversight measures and to identify policy embedded in the system design [49]. To illustrate, our paper shows that
counselors who assess algorithmic decisions in individual cases simultaneously evaluate whether the system’s
guiding principles promote the well-being of decision subjects (e.g., ensuring fair hearings and providing human
contact). If these principles are not met, counselors can escalate the case by involving other actors and activating
their organizational networks. Explainable Al can support this process, but the design of justification mechanisms
is underexplored in the current XAI literature [60]. Future work on XAI in high-risk settings should thus put
emphasis on exploring how justifications support the transformation of individual into collective contestation
issues by enabling the assessment of an ADM system’s norms and values: Empirical studies could aim for the
creation of question banks collecting normative information needs and the exploration of user-centered processes
to design information that enables the identification of systemic shortcomings and value misalignments.

7.1.3  Participatory design is no panacea for multi-stakeholder explanation and contestation design. Early-stage
deliberations are seen as pathways to negotiate multiple stakeholders’ perspectives in public Al systems [47, 58].
However, when asked whether they would cooperate with the welfare agency to create a trustworthy ADM
system, counselors in our study expressed caution. Concerned that their input might be read as institutional
buy-in, several participants opposed deliberating ADM deployment with an institution they saw as conflicting
with their own values and goals. Social counselors feared their participation would be instrumental and amount to
“participation washing” [48], rather than intrinsic and a means to achieve justice [112]. This conflicts partly with
the metaphor of the agonistic arena of contestable Al in the public sector: a space of adversarial interactions where
conflict is productive [5]. In our study, conflict is an impediment, not a productive force, in early-stage multi-
stakeholder deliberations, raising questions about whether participatory design can resolve value misalignments,
given its reliance on cooperation [85]. XAl research must decide whether explanation and contestation design
should align with individual or multiple stakeholders’ needs and, in the latter case, deploy methods that handle
dissent and divergent interests to render conflict productive. Design should explicitly acknowledge debate and
keep political conflicts visible, an approach that design research calls adversarial design and that is well-established
in machine learning [36] and red teaming [101]. While XAl research has explored adversarial contexts in technical
design [10, 15], integrating these methods into user-centered design is a fruitful avenue for future work on
explanation and contestation in multi-stakeholder contexts.

7.1.4 XAl design must consider whether legal information is in scope when designing for contestation. The interface
design presented in this study and its observed effects focus on how an explanation and contestation system could
be integrated into counselors’ work and support their understanding and assessment of the ADM system. As
Section 4.2 describes, the design did not consider legal or regulatory dimensions of contestability beyond GDPR
rights [44]. Participants in the requirement analysis suggested that administrative laws could be considered,
as they often serve as initial entry points for contestation (Figure 2). These legal needs were considered out of
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scope because they require detailed knowledge of national legal contexts, would yield findings specific to the
national context, and may not directly relate to algorithmic decision-making. The design thus compromised in
the provision of legal information by including EU-level regulation (GDPR [44]) but not national law. We find a
design tension here: Explanations should effectively support contestation, but judicial contestation requires legal
information, which is outside of usual explanation design spaces. Future work should explore whether and how
explanations can address this legal informational gap. Policy experiments [80] and abstracted legal contestation
features [74] may offer useful avenues to investigate the resulting design trade-offs in XAl

7.2 Limitations

In the following, we describe the limitations of our study. First, the design process initially focused on decision
subjects but pivoted to social counselors after identifying them as primary users and their clients as served
users. As recruiting clients proved difficult, counselors became the main informants on clients’ needs, potentially
introducing incongruencies. While closer inclusion of decision subjects was not feasible here, future work should
prioritize their inclusion where recruitment is more realistic. Second, the study’s participatory nature was in
parts limited: counselors could not inform development of the CAF algorithm, which was presented as final; they
contributed to the explanation and contestation design by producing artifacts in Stage I and acting as idea provides,
evaluators, and informants in Stages Il and III, thus the “direct design input” could be increased [110]. Further, the
long-term impact depends on institutional change, which may proceed more slowly and uncertainly than theory
presumes [14]. Third, findings on the effect of explanations might differ for post-hoc explanations, which suffer
from fidelity gaps [15] and potential unfairness for underrepresented subgroups [10]. In contrast, our explanations
used feature coefficients and performance data from a logistic regression, a white-box, interpretable model [92].
Post-hoc explanations may thus differ in their risk to misinform users [17] through overreliance [42] or a false
sense of understanding [90], together with imprecision or hallucinations in LLM-generated explanations [102].
While we saw little evidence of such misinterpretation, future work should explore how to prevent these pitfalls
for Al novices, especially in high-risk contexts.

8 Conclusion

This paper reported on the development and evaluation of an explanation and contestation interface to help
social counselors understand and contest a high-risk ADM system. We conducted a three-stage participatory
design study with social counselors, consisting of context and requirements analysis, low-fidelity design and
testing, and high-fidelity interface development and evaluation. We find that social counselors act as mediators
who filter information and manage contestation between their clients and the social agency. This entails specific
requirements for explanations, as their design must support both counselors’ understanding and client-facing ex-
planations. Counselors perceived procedural information as essential, while information about model predictions
and accuracy was seen as helpful but sensitive due to its emotional impact on clients. We formulate four lessons on
the importance of social constellations for contestability, the role of justifications in transforming individual into
collective contestation issues, the limits and potentials of participatory design for multi-stakeholder deliberation,
and the inclusion of legal information in the scope of XAI. With this work, we contribute empirical insight into
the relations between social, organizational, and technological dimensions of explainability and contestability
that guides future work on the human-centered design of trustworthy Al systems.
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9 Endmatter
9.1 Generative Al Disclosure Statement

During the preparation of this manuscript, we utilized the following Al-assisted tool to assist with formatting,
grammar, and fluency of writing: ChatGPT (version GPT-5, released by OpenAl in 2025) and Grammarly. These
tools were used solely to improve clarity and readability without altering the paper’s intellectual content,
methodology, or findings. We further used GPT5 through GitHub Copilot for assistance in the development of
the high-fidelity prototype.

9.2 Ethical Considerations Statement

For this study, we conducted a series of three interviews with participants recruited from social support organiza-
tions. Of these participants, one was a client, and all other were social counselors. The client participated in the
interviews together with a social counselor as per stated request by the client. Every participant was provided
with information about the study’s aims, process, responsible persons, and data collection and storage prior to
participation, and signed a confirmation form attesting that they understood and agreed with the participant
information. Participants were eligible to and received monetary compensation for their participation, if they
participated outside of their working hours, and else received alternative compensation in the form of snacks
during the interviews.

In a briefing before the beginning of the first interviews, social counselors recommended us to explicitly
mention that the ADM system presented in the study was used in France, and to emphasize that the system’s
deployment was a fully hypothetical scenario in Austria, to avoid discomfort among participants. Hence, our
scenario description is transparent about the origin and nature of the system.

The first University of Vienna’s Research Ethics Committee approved this study under reference 01433.

9.3 Use and attribution of icons

The icons used in Figure 6 as “algorithm” is provided by Freepik through Flaticon.com.
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Appendix

The following sections provide supplementary information on aspects of the study design and analysis. Section A
provides more details about the CAF algorithm, B describes a typical workflow of client-counselor interaction, C
gives additional information on the study’s questionnaire, D lists participants’ questions created in the card
sort, E provides an overview of explanation and information elements used in the low-fidelity prototypes, F
provides more images of the low-fidelity designs, G lists the interview questions asked to participants to evaluate
the high-fidelity interface, H provides the system prompt used for the chatbot in interface A-LLM, I describes the
files used as information base for the retrieval-augmented generation, and J provides the complete codebook of
the inductive thematic analysis.

A More information on the CAF algorithm

History. Algorithmic risk scoring in French welfare emerged from broader social policy transformations in the
1990s under the “Plan Juppé”, which tightened state control over welfare financing [70, 94, 105]. The plan’s goals
(expense consolidation and efficiency) created new commitments to combat social fraud, prompting development
of the DMDE? risk-scoring system as a technical response [38]. The 2001 to 2004 performance agreement
prioritized risk-based monitoring and audits based on beneficiary data [38]. Locally, accounting officers, who
were personally liable for missed fraud, required tools to support the controls. In 2004, the Caisse d’allocations
familiales (CAF, the French social insurance) launched DMDE based on logistic regression models and a dataset
of roughly 3,000 known fraud cases [38]. The system was then scaled nationally and sourced local data to build a
broader learning base [20, 25]. By 2010, seventeen branches of the CAF were piloting versions of the system. After
authorization by the French data protection authority (CNIL?), nationwide deployment began in 2011 [25, 27, 38].

Architecture. Implemented in SAS [63], the 2010-2014 system comprised five independent logistic regres-
sion models: SCOREPRO (professional status), SCORESIT (familial status), SCORERESS (financial resources),
SCORELOG (housing), and SCOREGLOB (global features associated with “indus™), with the final score taken
as the maximum score between the five models [38, 62, 63]. Algorithmic scoring soon became central to fraud
control, reinforced by oversight from the Court of Auditors and the National Anti-Fraud Unit and institutionalized
by the 2013-2017 performance agreement that tied metrics to detected overpayments and recovery rates [38, 95].
Algorithm-triggered audits rose from 23% (2011) to 63% (2016), staff-initiated checks fell from 51% to 20%,
and while home checks declined from 280,000 (2009) to 166,000 (2015), their hit rate increased from 17% to
44% (38, 65]. CNAF’s statistics directorate introduced a single-model version in 2014 retaining most of the 33
model variables [64]. The 2018 version of the system was piloted in 2019 and deployed nationwide in 2020 [33, 72].

Development. The logistic regression model operates within a broader IT ecosystem centered on a central
decision-support data warehouse that supplies statistics to local branches [61]. Key system components include a
relationship management platform with recipient and household data; a document and communications manager
that tracks letters, forms, and calls; an appeals and settlements application; and a social assistance system that
contains financial aid information [61]. Additional inputs include municipal-level socio-economic data and an
anonymized repository of confirmed fraud cases, which both feed the construction and refinement of risk profiles
[27, 33]. Together, these components form the informational basis for the modeling and development of the
algorithmic welfare fraud scoring system [33, 61].

2Dispositif de Maitrise des Dépenses et des Erreurs.
3Commission nationale de I'informatique et des libertés.
“In the CNAF taxonomy, “indus” or undues, signify overpayments from the side of CAF to benefit recipient as a result of an irregularity.
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B Typical workflow in counselor-client interaction

In the following, we describe a typical interaction between clients and counselors to situate the explanation and
contestation within the counselors” workflow.

Clients often contact Volkshilfe Vienna through one of several local counseling offices across the city. There,
they register, state their issues, and receive help from social counselors. Clients in this study typically seek help
with housing, welfare benefit applications, or financial issues. The client is invited to a bilateral meeting where the
problem, personal circumstances, and current exchanges with the welfare agency are discussed. If administrative
notices have been received, clients bring them for assessment. Depending on the case, the counselor may help
directly with online or postal benefit applications, drafting response letters, or finding housing through internal
channels. In agency conflicts, counselors prioritize direct written or telephone contact with the responsible case
worker. Interaction may be limited to a few meetings if resolved quickly, or become long-term if the organization
provides permanent housing.

The interface in this study comes into play when clients receive administrative notices containing an algorithmic
decision and contact Volkshilfe’s counselors. In bilateral meetings, counselors take inventory, assess documents,
and use the interface to understand decision parameters and background, and to lodge a complaint. The interface
can serve as a counselor’s work tool or as a demonstration during meetings with clients.

C Questionnaires

Prior to study participation, participants filled out a questionnaire asking about demographical data, their relation
to the social agency (as counselor, as client), their Al literacy, and for participants interacting with A-LLM their
previous experience with chatbots, including which models they used how often and for which purposes. Al
literacy was elicited through the five-point self-efficacy scale developed by Hornberger et al. [52].

In Stage 111, participants further answered a version of the TENS-Task scale, designed to capture “the experience
of engaging in a technology-specific task” [84] with a focus on participants’ sense of autonomy, competence, and
relatedness. After repeated pilot testing, we decided to remove the question area targeting relatedness (feeling
connected to others), as these questions confused pilot testers and were not perceived to relate to the task or
interface at hand.
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D Stage I: Participants’ full list of questions

Table 2. All questions created by participants for the card sort in Stage I. The questions capture participants’ information
needs about the ADM system and were ranked by participants according to their perceived priority.

P1

P2 P3 P4 P5 P6 pP7

Is the
viewed by a human?

What rights do I have?

What happens in this
process?

decision re-

Which law is this deci- On what basis is this What is the process, What
sion based on?

com- How is the risk deter- Do biases appear in
fraud claim made in how does the system plaint/appeal options mined? the system? For ex-
the decision? evaluate this? exist and what are the ample, does someone
associated risks? with a refugee back-
ground have a higher
risk?
How can you prove to Does the fact that Can it be that the re- Is the decision still re- Why are benefits Can welfare benefits
the agency that you someone is single sults are not accurate, viewed by a human? stopped immediately even be discontinued
are not receiving too and a single parent that they deviate? and not checked because of such a sys-
much money? increase the risk? internally first? tem?
Does someone support Is the risk higher when Is it possible to see What  information Is the decision re- How is something like
me in filing legal ap- someone has been re- practical ~ examples is entered exactly? viewed by a human? 0.27 calculated? What
peals? ceiving benefits for 5 with which the system Which  information does that mean?
years? was tested? goes into the calcula-
tion?
What legal appeals can What else does the sys- Does wealth count as In which cases is there Why is the risk deter- Why does income re-
Ifile? tem know? What can income as well? arisk and why? mined this way for this duce the risk? Why
it access? client? What reasons are these attributes
lead to it? weighted like this?
Which parameters are Who is responsible for Are alimony/child sup- How can the risk be re- Why do the mentioned What is contained in

at play in this deci- the system? port included in in- duced? parameters increase this profile? What data

sion? come? risk? does the social agency
have access to?

How much time do I Does the system Who developed this Which benefits can I What options dolThave How are  house-

have to file an objec- capture my lifestyle system? claim? for lodging an objec- hold/benefit units

tion? habits? tion? assessed?
How come that the Who operates the sys- What do the percent- How is the risk calcu- What rights do T have? Why use such a system
number of children tem? age values for the at- lated from the weights at all?

influences the risk tributes mean? of the attributes?

score?

So you have to prove Why does age play a Where does the 75% What are these old
your innocence in- role? limit come from? fraud cases? How is

stead of the agency

proving guilt?

What does the 5% in- Where does the in-

crease for age mean? formation come from,
where does the system
get my data?
How does this system
recognize me?

Can the system also
perform calculations?

What are the back-
grounds for the al-
gorithmic risk assess-

ment?
Why do age and
marital status increase
risk?

fraud defined?
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E Stage Il: Explanation and information hierarchy elements

Figure 7 shows a selection of design elements that were identified from previous work or created and tested in
the low-fidelity prototypes.

EXPLANATION ELEMENTS

Feature weight visualization Risk calculator

Visual representation of feature weights to provide quick
intuition about important characteristics. A reference to the
full feature list should be given.

Interactive form that calculates the risk for a given set
of features and values. Can be used in combination
with feature weight visualization.

[@ Risk Assessment Calculator

T .

No disability benefits

single o

_ Income between 577
and 942€

@ Financial Information

Older than 34

© Education & Family

Partner below 60

-0.75 -0.5 -0.25 0 0.25 0.5 0.75

Procedure flowchart

A chronological depiction of the process that decision
subjects are engaged in. Emphasis on context and
consequences of contesting and not contesting.

Investigation vs action

Structuring interaction along knowledge- and action-
oriented information. Actionability is maintained while
also emphasizing the value of background knowledge.

You are here

Investigation
" What do | need to know?
—_— {ontest
VvV — Action
Do not contest What can 1 do?

FAQ System performance

List of frequently asked questions with brief answers. Key statistics about system accuracy and coverrage.

What happens in this process? v . . . . .
What rights do | have? v @ Correctly Predicted: 35%
Cases where the model's prediction matched the actual outcome
Howis risk calculated? - Paid Correct Amount: 50%
Despite incorrect prediction, pavment was accurate
9 " @ Received Too Little: 15%
How do | contest
Cases where beneficiaries were underpaid
Chat Feature weight table

Natural language explanations provided by an LLM. List of feature weights for detailed reference.

N Description Value Weight
How are feature weights calculated? o
Months since the last investigation 4<x<? +038
Comparison of annual/quarterly incomes Stable +028
Partner's age 60+ 028

Fig. 7. Selection of explanation elements incorporated in the designs. Feature weights were inspired by explanations
of local prediction instances [69, 86, 97], the risk calculator by interactive explanation designs [12, 29], the flowchart by
process-centric explanations [113], the FAQ by question-driven explanation approaches [9, 71, 96], the system performance
metrics confusion matrix design for lay audiences [100], the chat interface by conversational explanations [102], and the
table of feature weights by explanation dashboard designs for non-experts [81]. The separation into investigation and action
pages originated from own design ideas.
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F Stage Il: Images of the low-fidelity prototypes

The low-fidelity interfaces underwent five iterations of parallel and iterative prototyping. Figure 8 provides
images from different iterations.
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Fig. 8. Selection of panels from the low-fidelity prototyping process.

G Stage lll: Interview guide

After the interaction with the baseline interface and A-flow/A-LLM, participants were asked a selection of
concluding questions to reflect on the interaction experience, their understanding, contestation choice, and sense
of agency.
(1) Selection of contestation reasons and pathways

e Why did you choose these reasons for the appeal?

e Why did you choose these avenues for the appeal?

e Did your selection of reasons and avenues change between the first (B) and the second (A-flow/A-LLM)

website?
o If yes, why?
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(2) Influence of explanations on contestation choice
e Which of the elements influenced your decision the most?
e Which of the elements would have helped you the most in explaining the system to a client?
e Did the information in the second website (A-flow/A-LLM) make you feel more confident or less confident
in contesting?
e Did you feel that you understood the system better? Why?
e Were there things that remained unclear to you? Why?
(3) Feeling of autonomy and competence
e Do you feel you have control over the situation with the social welfare office? Why?
e Did your sense of control change between the first (B) and the second (A-flow/A-LLM) website? Why?
e Would you need the second (A-flow/A-LLM) website at all, or would the first one be sufficient?
(4) Experience with chatbot (only A-LLM)
e What was your impression of the chatbot?
e What did it help you with, and what did it not help you with?
e What can the chatbot tell you that the rest of the website cannot?
(5) From your perspective, would this website be helpful for your work? Would anything need to be changed?

H Stage lll: Chatbot’s system prompt

The chatbot was meant to serve as a web-based social support agent that helps welfare recipients understand and
contest algorithmic decisions. Its goal was to provide accessible and flexible explanations, rights information, and
guided contestation options. The system prompt was tested and refined in pilot studies with peers as well as with
participants’ collected questions from Stage I. Below, we provide the chatbot’s system prompt.

Your application context

You are a social support agent who helps users understand and contest administrative decisions made
by the social agency, which is responsible for paying welfare benefits. You are not yourself working
for the social agency, but for an external social support organization.

For each benefit recipient, the social agency uses an algorithm that is based on logistic regression
and 33 parameters to calculate a risk score that this person is receiving too much money. The process
is called risk scoring of welfare fraud.

You are implemented in the context of a website that helps users to explain and contest these decisions.
Questions of users might refer to the website content and functions. The website is structured into
two main sections: “Information” and “Contestation”.

Under “Information”, the website explains the decision procedure in the social agency, provides a
calculator to compute one’s own risk score, shows the system performance, and a table of all features
that you know from the parameters pdf file.

Under “Contestation”, users are informed about their rights and the consequences of contesting.
They can subsequently select from several reasons to contest the decision and choose a way (direct
contact to social agency, contact to support organizations, contact to legal offices). The website then
simulates that the contestation is sent in the way chosen. Users can contest for the following reasons:
Unsufficient reasons given in decision; decision does not mention that an automated system was
used; decision does not mention if a human was involved; system uses wrong or outdated data;
system might have made an inaccurate decision; system discriminates against person in question;
other reasons (free text). Not all of these reasons are necessarily correct.

Users have the following rights: right to know that an algorithm is involved; right to know which
data of them is processed; right to contest the decision; right to get a human involved.
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Contesting can have these consequences: Review of documents by social agency; conversation with
caseworker; new decision; legal dispute if not resolved otherwise.

Your behaviour

For each question, you scan the knowledge base for an answer. You aim to give brief answers that
are easy to understand. You do not use technical jargon unless the user explicitly asks you about it.
That means you should avoid words like “logistic regression” and “algorithm” and instead use words
that are easier to understand. Even though you have the precise logit weights from the parameter
PDF file, you do not provide the precise weights unless explicitly asked, instead you translate the
weights to “high impact”, “low impact”, and so on.

You have an output token limit of 300 words, but you try to keep your answers below 150. You
suggest follow-up questions after providing information. If you suggest contesting a decision, you
suggest that the user can use the website for that, by selecting the appropriate reasons in the site
“Contestation”.

If you do not know the answer to a question, you must say so. If the user asks for the same thing
twice, provide an easier answer than before.

| Stage lll: Chatbot’s information base

The chatbot was complemented with retrieval-augmented generation to allow it to more provide more precise
information sourced directly from information about the ADM system. The chatbot’s knowledge base was
compiled from information sources on the welfare fraud detection system in France [87] and contained information
on the deployment context, logistic regression parameters, performance data, and decision process information.
The same knowledge base was also provided for interface A-flow for direct reference by participants.

J Codebook

The following tables list the themes, subthemes, and codes developed from the inductive thematic analysis in
Stage III. Table 3 and ?? contain codes on how the interface supported social counselors. Table 4 contains codes
on what participants suggested to improve in the interface. Table 5 contains codes that capture the effect of
explanations on counselors and clients. And Table 6 contains codes capturing considerations concerning the
implementation of an explanation and contestation interface in a real-world context. Each table is split into
subthemes and codes that are grounded in example quotes from the interviews.

Below are your tables converted to longtable environments with continued headers and “continued on next
page” footers. You can drop the surrounding table environment; longtable handles paging and captions itself.

Table 3. Codebook for the theme How the interface helps counselors. The subthemes capture categories of contestation,
understanding, client-side explanation, scrutiny of the ADM system, and benefits specific to the chat interface.

Subtheme Code Description Examples
To contest Confidence through infor- More knowledge has led to more “The most helpful are the flowchart and the expla-
mation confidence nations with the justifications. That gives certainty

that this could apply; if I had to write something
myself it would be harder” (P3), “Before I couldn’t
name it; now [ know the percentages [of accuracy]
and I can bring them in” (P8), “Because it lets me
better assess whether my appeal will actually have
the effect I want to achieve.” (P11)

Continued on next page
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Codebook for the theme How the interface helps counselors (continued)

Schmude et al.

Subtheme Code

Description

Examples

Good reason to contest

Practical relevance

Time is crucial

Feels that this point strongly sup-
ports the contestation

Circumstances in which the web-
site becomes relevant

Things need to move fast for con-
testation

“That is a strong argument that there are no rea-
sons in the notice.” (P4), “Yes, I would already file
an appeal here from a legal perspective; every
notice must be justified, here it’s only a pseudo-
justification” (P10), “That is very bad, that would
be fatal, it wouldn’t hold up in any court in the
world” (P12)

“The website itself could become more relevant if
these kinds of algorithmic systems become more
relevant.” (P8)

“Well, of course it’s more practical and simpler. I
don’t have to struggle with formulating appeals
and squeezing out texts that sound legal” (P2), “It’s
practical that it’s click click click and it’s gone.” (P3)

To understand Appreciates simplicity

Interactive reasoning

More is more

Nice to have

Priority information

Secondary information

Working understanding

Remarks positively that the web-
site is easy to handle

Developing understanding
through interaction

Prefers having the second site
(A-flow/A-LLM) rather than only
the first (B)

Interesting but not essential

Something deemed very impor-

tant

Not strictly necessary to look at

Understanding sufficient for the
task

“I'd rather choose the basic version. The simpler,
clearer, punchier and faster, the better” (P2), “Clear,
straightforward, easy to use, not much frills, [...]
and usable for clients too.” (P3), “I like the website;
it’s also low-threshold.” (P10)

“Yes, that was very helpful for me with the risk
calculator, and with the system’s accuracy, the sta-
tistical values.” (P4)

“The second website is indeed good and helpful”
(P4), “The second website helps for explaining it to
clients” (P2), “The first would certainly suffice, but
the graphical representation is important.” (P3)
“The accuracy is interesting, also to reassure the
client, but it doesn’t affect my work.” (P7), “Tech-
nical details are nice to have, but not the level on
which I would file an appeal” (P8), “The calculator
is a toy; I find myself asking, ‘So what?”” (P9)
“Accuracy is very relevant; it could be displayed
more prominently” (P5), “[With the calculator]
Now it gets exciting, that’s brilliant, and that’s what
we should insist on.” (P11)

“I also find it secondary how the system works in
detail” (P7), “I didn’t look at the factors, they were
secondary, too.” (P8)

“Yes, I understand the system better now, includ-
ing why Elif was scored low” (P3), “Yes, definitely,
because of the list in the calculator. Even if I don’t
agree with the assessment, it enables me to file a
better appeal and gives me more arguments.” (P7)

To explain to clients Key information

What to show to a client sitting
on the side

“The flowchart, I'd use that to explain the steps.
Also the calculator and the accuracy, but not the
table” (P2), “I'd enter everything into the calculator,
also together with the client, to run through cases”
(P11)
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Codebook for the theme How the interface helps counselors (continued)

Subtheme

Code

Description

Examples

To scrutinize

Assumed discrimination

Authority of numbers

Bad design

Demands justification

Human involvement

Sanctioning design

Belief that decision is based on
discriminating stereotypes

Numbers produce power and
control

Algorithm badly designed, but
not on purpose

Designers should defend this
choice of system design

Whether and how a person is in-
volved in the decision
Algorithm designed to be bad

“Stereotypes here already mean discrimination, be-
cause they preempt the individual assessment and
don’t give the person a chance to present their case
properly” (P10), “It depends on the consequences
of the stereotypes, but here yes, because of the nor-
mative consequences.” (P11)

“Numbers also confer authority in situations with
clients” (P2), “The risk is not factual but statistically
predicted; that should be phrased more cautiously.”
(P5), “Before I couldn’t name it; now I know the
percentages [of accuracy] and I can bring them in”
(P8)

“A system, an algorithm simply cannot capture ev-
ery lived reality” (P7)

“I would also like information about the intention
behind the system, and right at the beginning, to
frame the rest of the information.” (P9)

“The caseworker ... yes, what are they actually
there for?” (P3)

“Was it deliberately designed so that the accuracy is
so low?” (P5), “Oh man, that’s depressing;  imagine
being affected and trying to understand my risk,
and the risk calculator says, ‘yes, that’s right, you
are crap.” (P10), “For me, it was shockingly pre-
cisely spelled out how the evaluation is done. [...]
That’s impressively negative.” (P11)

Through chat

Chat helps

Chat prejudice

Chat trade-offs

Chat usage

Interaction change

Rarely uses chatbots

Instances where the chatbot was
useful

Assuming chatbots are not much
help

Pros and cons of a chatbot

How someone usually uses chat-
bots

Behavior changes with conversa-
tional explanations

Aversion or disinterest

“It can answer more detailed questions, justify
much better, and it can also answer ‘why’ ques-
tions.” (P3)

“I never use it. [...] That was probably 27 years
ago, it didn’t really help and I haven’t clicked on it
since.” (P2)

“It is of course error-prone, but it also creates a
subjective feeling of safety, that’s good.” (P7), “As-
sistants are of course limited; they must not disclose
the data and you mustn’t enter sensitive data.” (P9)
“I don’t use ChatGPT that often, but colleagues do,
for administrative law questions.” (P7)

“It delivers quick answers; it’s less ‘studying, more
fast info.” (P7)

“I rarely use chatbots; I often feel it’s a waste of
time.” (P11)
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Table 4. Codebook capturing participants’ statements on What the interface could improve, organized by the subthemes

contestation, understanding, and scrutiny.

Subtheme Code

Description

Examples

Contestation Consequences of contestation

Contestation procedure

Difficult to contest

Feature request

Legal particularities

Not enough information

Regulatory grounding

What can happen after contesting

How and whether the contesta-
tion is filed

Shaky grounds for contestation

Would improve the site

Legal nature of contestation

Lacking info to judge contestation

Lacking connection to concrete

laws

“The flowchart could also point out that money
can be lost” (P5), “The website is efficient in
the sense that it’s fast, but it’s missing: Which
entitlements you have or not. If the appeal fails,
you may have wasted your chance.” (P8)

“So far I've only been referred to a counseling
center. [...] The appeal process is ultimately not
yet completed.” (P11)

“It will be difficult because it was checked by a
system and additionally by a caseworker; I don’t
know whether you can achieve anything with
an appeal. You can try, no question, but I almost
think it will be fruitless in this case.” (P4)
“Missing: the ability to print, a response from
the recipient, an explanation of what happens
after the appeal.” (P3), “A calculator for minimum
income would also be helpful” (P5), “A free-text
field where the person can tell their story would
be important.” (P10)

“Further rights beyond GDPR would be impor-
tant, to know what is possible.” (P8), “You do
have an administrative right to appeal; exactly
where does the decision go in court?” (P5), “Print-
ing the template would be important, or some
confirmation that the appeal has been received,
because of the deadline.” (P7), “I would link the
Minimum Income Act here to see the exact word-
ing” (P7)

“I would perhaps add how it is in this case. [...]
Has child support already been demanded from
the child’s father? [...] How good are her lan-
guage skills?” (P4), “[After B] Feeling confident
about filing an appeal, rather not. Because these
are all very automated questions with relatively
little explanation at the beginning and relatively
little now for me as a layperson. Well, okay, I'm
a lawyer, but even for me as a lawyer these few
sentences didn’t give me much to go on.” (P10)
“On the website there is a tab that says ’your
rights in relation to the GDPR’. But it is also
about the administrative rights, [...] if you are
even able to establish personal contact, or if ev-
erything has to be done in writing. [...] For me,
it would be important to have some basic guide-
lines within the legal framework for determining
what claims I have”
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What the interface could improve (continued)

Subtheme Code

Description

Examples

Understanding Contest on suspicion

Information structure proposal

Missed aspect

No gain through information

Too much information

Assuming a reason is valid for con-
testing

How to organize information

Something not understood prop-
erly

Did not benefit from information

More information than necessary

“I checked that on suspicion, just to be able to
state more reasons. I checked ‘the system’s de-
cision is inaccurate’ because, firstly, one should
challenge a lot and, secondly, that just can’t be
right” (P3)

“I think the [table] doesn’t need its own heading.
It could simply be the risk calculator and then
you click here and something separate opens.”
(P5)

“[Goes back to the calculator and enters the case,
but overlooks two inputs (marital status and
months since receiving benefits).]” (P8)

“The risk calculator is a fun toy, but so what? To
me that still has nothing to do with transparency,
because I don’t know why the risk rises here or
falls there, it’s not traceable for me.” (P9)

“[The table] is more for nerds. Effect on risk...
that’s where I drop out. I wouldn’t look at it
anymore.” (P2)

Scrutiny Pseudo-justification

Information that only pretends le-
gitimacy

“There’s a lot of information that you can’t really
place unless you read into it. And it creates a
pseudo-justifiability of the decision by throwing
all the technical stuff at you and saying ‘here,
that’s why.” (P10)

Table 5. Codebook for the theme Explanations’ effects on perceptions and emotions, ordered by effects on clients and

on counselors.

Description

Examples

Belief that clients’ emotions
will come into play

Going to court means stress for
everyone

“Clients often come to us under a lot of pres-
sure.” (P7), “Such clear-cut pluses and minuses
[the feature weights], I think that suggests right
and wrong behavior. [...] And as someone who
is affected, I don’t know how much I would crit-
icize this.” (P5)

“You could lose trust here because of the men-
tion of legal proceedings.” (P4), “Young people
don’t feel comfortable with the legal route, es-
pecially because they have so few resources and
are intimidated.” (P10)

Subtheme Code

On Clients Emotional context
Legal anxiety

On Counselors Improved control
Lack of responsibility

Site gives a firmer grasp of the
situation

Not acting responsibly

“Yes, in the sense of being able to access infor-
mation that I wasn’t aware of before” (P11)
“That’s exactly what I criticize in the application
process when people have a cover letter written
by Al and then it’s evaluated by Al in the on-
line portal. [...] We shirk our responsibility as
humans. That can help some and hinder others,
but I think the ultimate responsibility lies with
the human.” (P9)
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Explanations’ effects on perceptions and emotions (continued)

Subtheme Code Description Examples

«

No human trace Dehumanized; machines inter- “ “This website gives me the freedom to file how-
act with machines ever I want. No, rather not. Because I still can’t
indicate here that I'm completely different and
don’t need all these stupid checkboxes, I just
want to be looked at as a human being.” (P10)
Sense of agency Feeling in or out of control “Exactly, because the authority... it’s an admin-
istrative act that infringes on my rights because
my benefits are being cut. That means the au-
thority has to explain why the benefits are being
cut. [...] I would say that’s not my problem.”
(P10)

Table 6. Codebook for theme Real-world implementation of interface, ordered by topics involving administration and
social support organizations.

Subtheme Code Description Examples
In administration Administration quirks Oddities of public administra- “I'd be more likely to say we’ve already come
tion across cases where certain systems interact. It’s

all in the data protection paperwork, you sign it
as soon as you apply for benefits with the social
services office” (P11)

Institutional opacity Official procedures block im- “A lot is said verbally that isn’t in the letters, so
portant information there’s no transparency for those affected.” (P12)
Procedural roadblocks Structures that make contesta- “I think complaints are made more often than
tion difficult I hear about. From my own social work opera-
tional experience, such complaints mean a lot of
work.” (P11)
In social support organiza- Al competence network Places that help with AI ques- “I'm not an opponent. We even have an Al office
tions tions hour once a month, appointments run by the

company’s IT department. We’ve also had talks
on how we should deal with it.” (P3)
Always contest Would challenge decision no “These numbers don’t help me even if it’s right
matter what 99%. But in 1% it’s wrong. [...] I file an appeal
anyway.” (P2)
Contestation for a healthy system Contestation as a sign of work- “A healthy system of ‘okay, yes, we made a mis-
ing processes take, then a complaint is filed, in the sense of an
error culture. But complaints are also a high ad-
ministrative burden for them, especially if they
feel everything was calculated correctly, they
have to reopen it so that the same decision is
made again.” (P11)
Continued interest Would engage with informa- “I'd be interested, maybe what’s still missing are
tion beyond the study the training parameters the system was trained
on. In the end only the criteria are given, but not
the raw material, so to speak.” (P10)

Continued on next page
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Real-world implementation of interface (continued)

Subtheme Code

Description

Examples

Escalated contestation

Intervention network

Interaction with agency

Legal aid

Reality of social work

Required knowledge

Trust in site

Trust per peers

Organizing opposition at man-
agement level

Places that help with contesta-
tion

How it feels to interact with the
social agency

Supporting counselors in legal
aid

How social workers operate

What one must know to use the
website

Whether to trust the website

Would trust it if others do

“This isn’t a proper notice for me. If it really
looked like that, my very first step would be to
escalate it all the way up to management, for-
ward the notice, redacted. [...] On one hand seek
cooperation, and on the other try to get a com-
mitment at a higher level” (P11)

“If we say we’re now getting such automated
benefit terminations, my first step would be to
see how counseling centers react to that” (P11)
“There are meetings where the social agency
is present and from their perspective they also
address difficulties with social organizations or
other partners, and together we look for solu-
tions. Often those meetings are about under-
standing why things are done a certain way [...]
and you might be angry about certain decisions
if you don’t know the details behind them” (P11)
“It would be a great help to me if I worked in the
legal department. And you could perhaps use
it for other things as well, there are countless
proceedings and rulings.” (P3)

“I sometimes feel like a mini-computer, a bu-
reaucratic compass, like a mother sending her
children to school” (P2)

“It would be useful in the counseling center, yes,
but it’s often about much more, entitlements to
different benefits. We already tried integrating
that into the website, but it was too complex; in
any case you have to acquire some basic knowl-
edge” (P3)

“Who created the site?” (P11), “Because of the in-
formation about the calculator and the flowchart
I also have more trust in the site” (P11)

“Well, you have to file an appeal; it will probably
spread quickly that this is how you have to do
it” (P2)
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