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1 Introduction

Marshallese stick charts are traditional navigational

knowledge tools made from wooden or plant strips and

shells (for an example see Fig. 1). Different chart types

represented swell patterns, islands, and routes; many were

studied and memorised on land rather than carried to sea.

During a voyage, navigation depended on situated experi-

ence, sensory judgement, and responsibility for the course

taken.

What can we learn from Marshallese stick charts for

discussing artificial intelligence (AI)?

AI has become increasingly capable of identifying pat-

terns, generating text, producing code, synthesising evi-

dence, and recommending action. Yet its value does not

emerge from computational output alone. It emerges

through human interpretation, organisational use, and

responsible action in context, all of which are shaped by

cultural, ethical, and organisational values. When AI is

understood as part of a sociotechnical system, an important

challenge is not only how to keep humans in the loop, but

to keep them in practice: exercising interpretation, con-

testation, ethical reasoning, and accountability.

For the Business and Information Systems Engineering

(BISE) community, this is a defining moment. Beyond

asking what tasks AI can perform, and how well, we need

to design AI-enabled sociotechnical systems that remain

aligned with cultural and organisational values.

2 From Tool Logic to Collaborator Logic

With the introduction of generative AI alongside predictive

AI, the language used in organisations has shifted quickly.

AI has been increasingly described as a ‘‘copilot’’, ‘‘as-

sistant’’, or ‘‘agent’’ (Baird and Maruping 2021; Cranefield

et al. 2023). Such framing can be useful because it

acknowledges that AI systems increasingly shape work

rather than merely execute commands. Yet, it also obscures

an important difference between human and algorithmic

participation. Human teammates can form intentions,

negotiate commitments, and be held accountable through

socially recognised relations. AI can influence team out-

comes and can be considered an integral part of teams

(Richter and Schwabe 2025), but it does not enter

responsibility relations in the way humans do (Floridi and

Sanders 2004).

Five characteristics help explain how contemporary AI

can shape values.

1. Delegated agency Choices that were once made

explicitly by humans may now be framed, ranked or

narrowed by AI. Humans may retain formal authority,
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while practical agency shifts earlier in the workflow

(Faraj et al. 2018).

2. Hidden AI AI is widely accessible and has become part

of many work systems without organisational autho-

risation or visibility. This resembles Shadow IT (Haag

and Eckhardt 2017), but it changes the governance

problem because machine-generated advice may enter

decisions without being recorded as a source, or even

without users recognising how extensively they relied

on it.

3. Opacity of values Beyond technical opacity, users may

not see the values embedded in how AI defines

desirable work. For example, users might not realise

when an AI implicitly prioritises efficiency over

organisational values like fairness, privacy, or collab-

orative teamwork. A productivity assistant may implic-

itly privilege uninterrupted individual work over

meetings and collaboration (Cranefield et al. 2023).

4. Speed and concentration AI operates at a scale and

pace that allow both beneficial and harmful effects to

travel rapidly across processes and institutions. This is

intensified when many organisations depend on a small

number of dominant models and infrastructures

(Korinek and Vipra 2025).

5. Feedback effects AI-mediated decisions can create

self-reinforcing loops. Outputs influence expectations,

data, and later judgments, which may then be treated as

evidence of the patterns the system initially produced

(Ensign et al. 2018; Bauer et al. 2024; Glickman and

Sharot 2025).

These characteristics make AI’s influence on organisa-

tional values difficult to identify, contest, and govern. Their

consequences become especially significant when AI moves

beyond isolated tasks to shape priorities, workflows, and

consequential judgments.

In hiring, machine learning systems may be developed

as if they could replace expert judgment, yet their practical

value depends on hybrid practices in which recruiters,

developers, and data infrastructures learn from one another

(van den Broek et al. 2021). In clinical decision support, AI

advice can improve performance while also creating sus-

ceptibility to erroneous recommendations and automation

bias (Goddard et al. 2014; Gaube et al. 2021), particularly

for novice physicians (Jussupow et al. 2021). In each case,

humans may remain formally accountable while the origin

and framing of judgment become increasingly difficult to

locate.

Immersive environments can intensify this collaborator

logic. When AI is paired with spatial, embodied, or socially

present interfaces, the AI’s trustworthiness might increase

further, although it is still unclear whether this translates

into behaviour (Felnhofer et al. 2024). As interfaces

become more compelling, it may become more difficult for

users to maintain appropriate distance from recommenda-

tions, simulated presence, or agentic cues, making inter-

action design and governance design inseparable (Slater

2018; Richter et al. 2025). We use value-centric AI to refer

to the design and governance of the entire sociotechnical

system in which cultural, ethical, and organisational values

are considered in shaping roles, work practices, and

infrastructure. We elaborate on characteristics of contem-

porary AI that help explain recurring governance failures

and propose steps for preserving responsible human prac-

tice in AI-enabled organisations.

3 Why Performance-Centric Governance is Insufficient

Organisations have been increasingly introducing model

evaluations, oversight procedures, fairness metrics, ethical

guardrails, risk classifications, and compliance routines. The

EU AI Act, for example, makes human oversight, risk

management, transparency, and governance obligations

central to high-risk AI systems (European Parliament and

Council 2024). Fairness metrics and bias audits can reveal

discriminatory patterns (Mehrabi et al. 2021), and inter-

pretability debates have sharpened the question of how AI

systems should be designed for high-stakes decisions (Rudin

2019). Other debates have pointed to the trade-offs arising

from contradicting design goals (Sunyaev et al. 2025).

These measures are necessary, but remain insufficient

when governance is reduced to model performance, formal

compliance, or nominal human oversight. A company

might adopt an AI system that evaluates employees based

on quantitative metrics (response times, collaboration

scores from team software) instead of human judgment of

managers and colleagues. A system can have strong model

performance and still optimise the wrong proxy. A hiring

Fig. 1 A Marshallese stick chart. Photo: Jim Heaphy, Cullen328, CC

BY-SA 3.0 https://creativecommons.org/licenses/by-sa/3.0, via

Wikimedia Commons
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system may rank candidates by similarity to past successful

employees when the organisational value at stake is also

fair access to employment opportunities. Trade-offs

between accuracy and fairness or privacy, for example,

might be hard to quantify in an objective function (Sunyaev

et al. 2025) and individual circumstances of applicants will

hardly be used by AI to balance trade-offs. A clinical

system may improve average diagnostic performance while

weakening the professional judgment needed to challenge

an incorrect recommendation. These examples illustrate

failures of direction, interpretation, and accountability. In

each case, core organisational values, whether these con-

cern fair access to employment, the privacy of sensitive

data, or the retention of human ethical responsibility, are

compromised by a narrow focus on technical accuracy.

We conceptualise three recurring sociotechnical gover-

nance failures that can arise when AI shapes practical

judgment: accountability drift, capability erosion, and

legitimacy gaps.

3.1 Accountability Drift

As AI recommendations become embedded in workflows,

responsibility can become diffuse. Users may overtrust,

defer, or treat outputs as neutral facts, particularly when

systems are framed as agentic. Interestingly, even in moral

contexts, humans delegate the decision more often when

they can delegate to AI rather than to a human counterpart

(Hüholt and Szech 2026). Without deliberate role and

boundary design, humans may remain accountable for

outcomes over which their practical agency has dimin-

ished. Accountability cannot be repaired only at the end of

the process. It must be designed into the distribution of

roles, evidence, escalation rights, and audit trails.

3.2 Capability Erosion

If professionals routinely rely on AI to draft, classify,

summarise, diagnose, or recommend, they may gradually

stop practising the very judgment needed to challenge its

outputs (Bauer et al. 2026). A nominal human-in-the-loop

can then become an empty ritual. The human signs off, but

the system has already performed the consequential fram-

ing. This concern is consistent with evidence that overre-

liance can persist even when users receive explanations,

and that interventions may be needed to compel more

deliberate engagement with AI advice (Buçinca et al.

2021).

3.3 Legitimacy Gaps

Accuracy does not equal legitimacy. Stakeholders may

reasonably ask whether a decision was reached under

acceptable rules, with appropriate regard for affected val-

ues, and by actors who can explain, defend, and revise it.

Technical performance alone cannot answer these

Table 1 Suggested steps from a sociotechnical design stance

Step Goal Actions

1. Values articulation

and trade-off authority

Make non-negotiable values explicit for each use

context

Identify likely trade-offs early, including cultural and domain-

specific differences, and define who has authority to resolve

them (Sadek et al. 2024; Spiekermann et al. 2022)

2. Directional

alignment and

information integrity

Ensure systems pursue intended organisational

goals and value commitments, not only narrow

performance targets

Preserve provenance, assumptions, confidence boundaries, and

contextual metadata across human-AI handoffs so outcomes

remain reconstructable and contestable (Gebru et al. 2021)

3. Role and boundary

design

Specify the role assigned to AI in each workflow:

advisory, assistive, or decision-executing within

defined limits

Define escalation paths, override rights, stop conditions,

responsibilities for operators, approvers, and owners, and

contestation rights for affected stakeholders. (Baird and

Maruping 2021; European Parliament and Council 2024)

4. Futures-oriented

design

Rehearse possible value conflicts before

infrastructures harden

Future narratives can make boundary transformations visible:

where AI frames action, where humans can still contest it, and

where responsibility may silently shift (Hovorka and Mueller

2025; Richter et al. 2025)

5. Digital sovereignty

and accountability

architecture

Design for organisational control over critical data,

models, vendors, and infrastructures

Implement safeguarding practices, such as reversibility and

exit-by-design, to reduce dependency (Wang et al. 2026).

Separate user-facing explanation from governance-grade

auditability, and ensure that accountability follows practical

control rather than formal titles alone

6. Feedback monitoring

and continuous

adaptation

Allow systems and governance to evolve as

capabilities, risks, regulations, and public

expectations shift

Build contestability channels, monitoring of longer-term

feedback effects, and review cycles (Glickman and Sharot

2025)
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questions. In public and regulated settings, legitimacy must

therefore be treated as a design requirement rather than an

afterthought (Habermas 1991; European Parliament and

Council 2024).

A governance approach focused on preserving human

practice therefore complements, rather than replaces,

technical control. The central concern is not to prevent AI

from contributing to decisions. It is to ensure that AI does

not silently displace the capacities and responsibilities on

which legitimate decisions depend. If we continue to

evaluate AI primarily by efficiency gains and benchmark

performance, we risk building high-performing systems

that undermine responsibility, legitimacy, and trust in

everyday organisational practice. Moreover, beyond iden-

tifying risks, it is essential that their escalation reaches an

actor who can intervene even when doing so conflicts with

delivery targets or operational priorities.

4 Extending Value-Centric Design for AI

Existing traditions already provide important foundations.

Value Sensitive Design has long argued that human values

should be investigated and translated into technical design

(Friedman et al. 2013; Sadek et al. 2024). Value-based

engineering and the ISO/IEC/IEEE 24748-7000:2022

standard offer process-oriented ways to trace ethical values

from early concepts into requirements and design decisions

(Spiekermann and Winkler 2020; Spiekermann et al. 2022;

ISO/IEC/IEEE 2022). Technology assessment contributes

methods for systematically examining possible conse-

quences and futures before technology is stabilised in use

(Grunwald 2017). Recent discussions on process mind-

lessness similarly warn against applying AI without

attention to the process it is supposed to improve (van der

Aalst et al. 2025).

As a community we can extend and integrate these

traditions for contemporary AI. This means extending

value elicitation from individual systems to organisational

and institutional design, and moving from compliance

documentation to lived practice. As with other instances of

digital work design, value-centric AI requires an agile,

participative, and interdisciplinary process that puts human

work practices and their specific contexts at the centre of

technology development (Richter et al. 2018). By incor-

porating user feedback at all stages, organisations can

ensure that human needs shape the sociotechnical system.

Integrating participatory practices prevents value-centric

design from becoming a static exercise.

It also means treating digital sovereignty as an emergent

sociotechnical capacity. Organisations should exercise

legitimate authority over their data, models, and techno-

logical infrastructures to remain capable of revising,

contesting, and governing AI-enabled work without ille-

gitimate external interference (Wang et al. 2026). Organi-

sations cannot sustain their value commitments if they lack

the authority to revise, contest, or exit critical data, model,

infrastructure, and vendor arrangements.

Values are not abstract aspirations to be declared around

deployment. They are design commitments that shape

roles, interfaces, escalation pathways, data practices, pro-

curement decisions, and organisational learning over time.

We suggest the following steps from a sociotechnical

design stance that are displayed in Table 1.

5 Research Directions for Value-Centric AI

The Business and Information Systems Engineering (BISE)

community can make a distinctive contribution by con-

necting technical design, organisational coordination, and

societal responsibility.

Doing so requires research that asks not only what AI

can do or how it is adopted, but what forms of human-AI

collaboration organisations and societies want to create.

Our suggestions are to …

… study agency and interpretation at critical junc-

tures. Examine when AI begins to frame action, when

humans can meaningfully contest it, and whether

those charged with oversight possess intervention

rights and sufficient organisational standing.

…measure preserved practice as well as performance.

Evaluation should include whether people retain

appropriate skills of interpretation, contestation,

escalation, and accountable judgment.

…measure legitimacy outcomes. Contestability,

accountability clarity, trust calibration, capacity for

sovereignty control, and defensibility under scrutiny

should be treated as core outcomes alongside pro-

ductivity and accuracy.

…design for high-stakes contexts. Public-sector,

health, employment, education, and other regulated

contexts make governance quality especially visible

and consequential.

…build cumulative design knowledge. We should

develop reusable principles, boundary conditions,

methods, and reference architectures for AI as navi-

gational scaffolding in organisations.

This agenda also calls for methodological pluralism.

Ethnographic and process-oriented studies can reveal how

AI changes work in practice. Design science can build and

evaluate artefacts for value articulation, traceability, and

contestability. Foresight and narrative methods can help

researchers and practitioners explore future tensions before

they become embedded in routines. Quantitative evaluation
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can measure whether interventions preserve practice,

improve calibration, and sustain legitimacy under scrutiny.

6 Conclusion

The Marshallese stick chart offers a timely reminder that a

technology for orientation is valuable not because it

removes the need for human judgment, but because it helps

people develop and exercise that judgment in complex

conditions. The governance paradox of human-AI collab-

oration is that AI can shape collective outcomes without

entering collective accountability. That paradox cannot be

resolved by better optimisation alone.

The contribution of the Business and Information Sys-

tems Engineering (BISE) community should be to design

sociotechnical systems in which AI supplies navigational

scaffolding while humans retain situated judgment,

responsibility, and the ability to contest the route taken. If

we get this right, AI will not simply scale decisions. It will

help organisations navigate complexity without surrender-

ing the values that make their decisions legitimate. For

managers and policy leaders, the practical message of our

deliberations is: Do not ask only whether an AI system

works. Ask whether your organisation can still navigate

responsibly with it.
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