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o  Theory: Decision authority is theorized as a distributed system property that is re-
allocated between human and computational components during operation; the
algorithmic actor thereby enters the sociotechnical service system as a constitutive
element rather than as passive infrastructure, dissolving the actor—artifact dichotomy
on which existing service-system representations rest.

e  Methodology and practice: A design theory built along the eight-component anatomy
of Gregor and Jones—four representational levels and five design principles—specifies
what any service-system modeling method must represent to keep the locus of control
observable, and is instantiated and evaluated as an extended service blueprint across
three empirical cases.

What are the main findings and/or the implications of the main findings?

e  Authority is not a fixed attribute of an actor but migrates between human and al-
gorithmic components within a single service process; conventional blueprints do
not represent these transitions systematically, because they classify computation as
infrastructure rather than as a system element.

e A formative evaluation in three real-world configurations provides preliminary ev-
idence of the representational adequacy, applicability, and interpretability of the
modeling artifact.

Abstract

Agentic Al is reconfiguring service systems by introducing computational entities that
interpret situations, select among alternatives, and shape service trajectories with varying
degrees of decision authority. Established service-design representations lack a category for
such entities, treating them either as passive artifacts or as human actors. Following design
science research, this paper develops a design theory for modeling algorithmic actors in
agentic service systems. It comprises a four-level framework—service-system embedding,
actor differentiation, decision authority, and responsible Al governance—with operational
classification rules, five design principles for materiality, and testable propositions. The
theory is instantiated as an extension of service blueprinting and formatively evaluated in
three real-world configurations whose primary algorithmic actors hold assistive, delegated,
and autonomous authority with different forms of embodiment. Interviews with six
informants, documents, and observations provide preliminary evidence that the extended
blueprint can represent algorithmic actors, authority allocations, authority transitions,
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and governance mechanisms at the process-step level. The cases illustrate that the same
algorithmic actor can hold different authority levels across process steps and suggest two
propositions for future testing: that risk types vary with embodiment and that escalation
architectures become more elaborate as authority increases.

Keywords: service systems; sociotechnical systems; systems modeling; service design;
service blueprinting; agentic Al; Al agents; responsible Al; design science research;
decision authority

1. Introduction

Service systems are increasingly mediated by computational entities that assume
consequential roles in service enactment. Large-language-model-based agents conduct
customer-facing dialogue, plan decision trajectories, and trigger or escalate operational ac-
tions in service flows that previously belonged exclusively to human service providers [1,2].
These entities interpret situational context, select among alternative courses of action, and
shape service trajectories with consequences for customers, operators, and organizations.
Rather than merely serving as passive infrastructure underlying human agency [3], they
play a constitutive role in how service systems function.

This shift reveals a representational limitation in established service system design
research. Conventional service system design approaches, such as service blueprinting [4,5],
presuppose a categorical distinction between human actors who interpret and decide, and
technical artifacts that execute deterministically. This dichotomy is no longer adequate.
Computational entities authorized to act with delegated or autonomous decision authority
occupy a position that neither category accommodates: they are technically implemented
artifacts that assume operational decision-making roles within service systems. The con-
sequences extend beyond representation: they reconfigure how human actors interpret
service situations, when authority transitions between human and computational partici-
pants, and which forms of oversight, traceability, and accountability the service architecture
must afford [6-8].

To address these limitations, we conceptualize such entities as algorithmic actors:
artifact-based computational systems that assume consequential roles in service-process
enactment by interpreting situational inputs, selecting among authorized alternatives,
and shaping subsequent service actions. Unlike conventional artifacts that execute prede-
termined functions, algorithmic actors exercise discretion within their authorized scope;
unlike human actors, their participation is materially configured rather than intentionally
constituted. Contemporary Al agents represent one prominent manifestation, but the
construct is deliberately broader in scope: it encompasses any computational entity that
assumes consequential decision-making roles within a service configuration. This con-
ceptualization is consistent with sociomaterial perspectives on distributed agency [9-11],
which hold that agency is constituted through configurations of actors and artifacts rather
than reserved for human entities.

The algorithmic-actor construct surfaces what existing service models cannot represent,
but the construct alone does not equip designers to model agentic service systems in their
full configurational variation. Service-design practice and research require modeling arti-
facts that anchor representational distinctions at process-step granularity: which decisions
an algorithmic actor is authorized to make, under which conditions authority transitions
between human and computational entities, and which stakeholder-differentiated explana-
tions the configuration must support. Conventional service system modeling approaches
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provide no such anchors. As a result, Al-mediated services are increasingly designed and
deployed without a representational artifact that encapsulates the governance-relevant
aspects of their algorithmic engagement.

This study addresses this gap by developing a design theory for modeling algorithmic
actors in agentic service systems. Two research questions guide the study:

RQ1: How can decision authority and responsibility in agentic Al participation be
conceptualized to support their representation in service system design artifacts?

RQ2: How can these conceptualizations be operationalized as design principles
and translated into a concrete modeling artifact applicable across different agentic
service configurations?

The concepts of algorithmic agency and delegation to Al are not new; sociomate-
rial research [9-11], work on agentic IS artifacts [12], and research on automation and
augmentation [7,13] have established them. The contribution of this study lies in trans-
lating algorithmic actors, decision authority, authority transitions, and responsible Al
governance requirements into process-level modeling constructs with operational classifi-
cation rules that can be anchored in established service-system modeling methods. The
contribution is positioned as a design theory for information systems (IS) in the sense
of Gregor [14] and articulated along the eight-component anatomy proposed by Gregor
and Jones [15]. It is instantiated as an extension of service blueprinting following the
design-theory operationalization mode of Chandra et al. [16] and Gregor et al. [17]. In
the DSR knowledge-contribution typology of Gregor and Hevner [18], the contribution
constitutes an exaptation: it extends established design knowledge from conventional
service modeling into the new application domain of agentic service systems, where rep-
resentational requirements remain inadequately addressed. The theory is demonstrated
through expository instantiation and illustrative application across three real-world agentic
service systems. These systems vary purposefully along three representational dimensions
of the conceptual framework developed in this study—authority level, the service stage of
algorithmic participation, and the degree of embodiment.

The remainder of the paper is organized as follows: Section 2 establishes the the-
oretical background in service systems, service design, and algorithmic agency, while
Section 3 details the design science research approach. Section 4 develops the design
theory along the eight-component anatomy of Gregor and Jones [15], which Section 5 oper-
ationalizes through an expository instantiation that extends service blueprinting. Section 6
demonstrates and formatively evaluates the theory in three real-world agentic service
configurations. Finally, Section 7 elaborates theoretical and practical implications, sketches
a future research agenda, and reflects on limitations, before Section 8 concludes.

2. Theoretical Background
2.1. From Isolated Service Encounters to Connected Agentic Al Service Systems

Service systems have emerged as a pivotal unit of analysis within IS, transcending
standalone service encounters by conceptualizing value creation as arising from config-
urations of actors, resources, technologies, and institutional arrangements [19-21]. In
service-dominant logic, value is not produced unilaterally by a provider and delivered to
customers. Instead, it is co-created through resource integration among various participants
within a shared service ecosystem. Operant resources, especially knowledge and skills,
play a crucial role by enabling actors to combine resources in ways that are specific to the
context [21-23].
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Service systems engineering specifies this perspective in sociotechnical terms, treating
service systems as configurations in which actors, technologies, information, and architec-
tures jointly enable value co-creation through dynamic resource integration [24-26].

From a service-design perspective, services are shaped through the deliberate orches-
tration of systems, interactions, and experiences across four design dimensions—actors,
artifacts, environment, and process—that frame services as multidimensional sociotechnical
arrangements rather than linear workflows [27]. Actors denote the participating roles in
service provision and use; artifacts comprise the physical and digital objects involved in
delivery; environment captures the physical, digital, and organizational context in which
the service unfolds; and process describes the sequence of actions through which the service
is enacted [27]. This logic underpins established service-design methods, including service
blueprinting, journey mapping, and prototyping [5,28,29]. Service design further rests
on a distinction between two environments: the frontstage, where users interact directly
with service providers, and the backstage, where processes, resources, and infrastructures
are organized to enable service delivery. Service blueprinting operationalizes this distinc-
tion through a line of visibility that separates customer-facing activities from supporting
processes and resources [4,30].

Within these methods, human actors are typically represented as entities that per-
form actions, exercise judgment, and engage in service interactions, while technological
systems appear primarily as enabling or supporting resources [4,31]. This assumption
was adequate for service contexts in which digital systems mainly executed predefined
routines or provided deterministic support [4,21]. However, it is challenged through the
latest Al developments, specifically Al agents based on large language models (LLMs),
which can react to situational input, select among alternative actions, act proactively rather
than only reactively, and initiate responses that shape the subsequent course of a service
process [32-34]. In service settings, such systems may diagnose incidents, prioritize re-
quests, trigger interventions, or interact directly with customers and employees [35,36].
Recent IS and service research has begun to address this shift through actionable conceptu-
alizations of hybrid intelligent service ecosystems [37], Al taxonomies for digital service
ecosystems [38], holistic frameworks for human-Al interactive service development [39],
and typologies of human-Al service interaction modes [40].

When computational entities no longer merely support human decision-makers but
participate in the selection and execution of operational actions, representing them as
passive artifacts becomes conceptually inadequate [38,40].

The challenge for service design extends beyond technological advancement: current
representational conventions do not capture the distribution of decision-making authority
within agentic service systems [37]. Service models must specify which entity interprets a
given situation, which entity selects among alternatives, under which conditions authority
transitions between human and computational participants, and how such arrangements
are governed [39].

2.2. Human and Non-Human Actors

Section 2.1 established that agentic Al exposes the representational limits of conven-
tional service-design approaches. The conceptual question this raises is on what analytical
basis computational entities that interpret situations, shape interaction trajectories, and
participate in operational decisions can be treated as actors in service systems rather than
as supporting artifacts. The question is not whether such entities are equivalent to human
agents; it concerns the conditions under which artifact-based participation becomes conse-
quential for service outcomes. Three theoretical foundations inform this position. The first
is sociomateriality. Orlikowski [10,41] argues that organizational action is constitutively
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bound to materiality, and that an ontology of separateness cannot account for organizing
when social and material elements are entangled in practice. Service interactions, on this
view, are not human accomplishments to which technologies are appended; they emerge
from sociomaterial arrangements in which digital systems shape what information is avail-
able, how situations are perceived, and which actions are feasible. Leonardi [42] sharpens
this account through the imbrication of human and material agencies. The claim is not that
artifacts possess human-like intentionality, but that human and material agencies become
interwoven in routines as people respond to technological affordances and constraints.
For agentic Al services, this perspective explains how computational systems can shift
incrementally from assistive to more delegated roles in ongoing service work.

A second foundation is provided by actor-network theory (ANT). Latour [9] reframes
action as an effect of heterogeneous networks rather than as a property originating exclu-
sively in human intention. In this view, humans and non-humans can both function as
actants insofar as they make a difference in states of affairs. ANT is analytically valuable
here not because it dissolves the distinction between humans and machines, but because
it warrants tracing how algorithms, interfaces, data structures, and human participants
jointly assemble service outcomes.

A third foundation comes from Al-specific extensions of these traditions within IS
research. Within a service setting, Orlikowski and Scott [43] demonstrate that algorithms
materially configure visibility, evaluation, and outcomes rather than merely supporting
them from the background. Dattathrani and De’ [44] argue that conventional accounts of
agency fail to differentiate adequately among humans, conventional information systems,
and Al-based systems; their analytical move is to ask how Al acts in relation to human
actors and how responsibility shifts across configurations of technology and human roles.
Scott and Orlikowski [11] extend sociomaterial reasoning to Al by conceptualizing Al per-
formativity as an ongoing sociomaterial accomplishment inseparable from accountability.

Taken together, these insights suggest that Al in service systems should be understood
neither as a neutral support artifact nor as a human equivalent, but as an artifact-based
participant whose agency is relational, situated, and consequential for how service interac-
tions and operational decisions unfold. This position provides the conceptual grounding
for treating such entities as algorithmic actors, as introduced in Section 1.

2.3. Algorithmic Decision-Making and Responsible Al

Building on the preceding discussion of algorithmic actors, IS research on algorithmic
decision-making systems (ADMS) shows that the implications of such systems extend
beyond technical performance to questions of organizational responsibility, stakeholder
impact, and governance [45]. Marabelli et al. [46] demonstrate that these consequences
arise across the system lifecycle. In design, they are shaped by architectural and pace-
of-development choices; in implementation, by data-capture practices and the extent of
meaningful human involvement; in use, by effects such as rigid compliance, contextual
mismatch, and emergent misuse. Decision authority is therefore not located solely at the
moment of system use, but is already constituted in the design and implementation choices
through which action possibilities are structured [46].

Algorithmic involvement in organizational action is, moreover, not a unitary phe-
nomenon. Boos [47] argues that automated decision-making must be conceptually dif-
ferentiated from adjacent forms of algorithm-supported action, since algorithms may
recommend, prioritize, trigger, execute, or escalate actions in ways with qualitatively dif-
ferent implications for service-system design. For service-system analysis, the relevant
question is therefore not whether Al is used, but how it participates in operational decision-
making—and the answer determines what must be represented in service-design artifacts.
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Decision authority in Al-enabled contexts is rarely binary. Murray et al. [13] distin-
guish four forms of conjoined agency—assisting, arresting, augmenting, and automating—
differentiated by whether the technology develops protocols and whether it selects actions
in organizational routines. Raisch and Krakowski [7] reach a complementary conclusion
through their analysis of an automation-augmentation paradox, in which the two modes
are interdependent rather than mutually exclusive, unfolding across tasks and over time.
Hybrid intelligence research converges on the same point: in human-AlI configurations,
operational decision-making is distributed and dynamic rather than fixed, with authority
remaining with human actors in some situations, delegated to algorithmic actors in others,
or shifting conditionally across process stages [8,48]. This is precisely where established
service representations become insufficient: they depict activities and handoffs but are
less equipped to specify how authority is allocated, transferred, or constrained within a
service process.

Once algorithmic actors participate in selecting, sequencing, or escalating actions,
governance moves from the periphery to the core of service-system design. Kronblad
et al. [49] show that automated decision-making can become multilayered and black-boxed,
obscuring who decided what, on what basis, and with what possibilities for contestation.
For service systems, this matters because outcomes are produced not by a single model
output but by a chain of interpretation, prioritization, delegation, and intervention. Under
such conditions, traceability, oversight, and escalation are not auxiliary safeguards but
structural requirements for maintaining accountability [47,49,50]. The implications cannot
be reduced to technical fairness metrics; they depend on what is decided, who is affected,
and how decisions emerge from the broader sociotechnical arrangement of ground truths,
IT ecosystems, and modeling choices [51,52].

IS scholars increasingly characterize Al as an agentic and strategic information system
whose organizational consequences depend on how rights, responsibilities, and oversight
are distributed across human and non-human actors [12,53,54]. Papagiannidis et al. [55]
distinguish three lifecycle practices for responsible Al governance: structural (roles and
responsibilities), procedural (review and monitoring), and relational (coordination and
accountability across actors). Rivera et al. [56] complement this perspective by arguing
that responsible Al cannot be secured through principles alone but must be embedded
through concrete design mechanisms—authenticity, control, and transparency—shaping
responsible Al behavior across architectures, algorithms, and affordances. Taken together,
these accounts converge on a central implication for service-system design: governance
requirements must be specified at the level of design mechanisms that anchor responsibility,
traceability, and oversight within the modeling artifact itself.

2.4. Positioning of This Study

The streams reviewed above have established that computational entities can exercise
agency in organizational practice, that decision rights can be delegated to agentic IS artifacts,
that human—AlI decision configurations range from augmentation to automation, and that
responsible Al requires governance mechanisms. The present study does not claim novelty
for these concepts. Its contribution lies in translating them into process-level constructs
for service-system modeling, together with classification rules that make them assignable
at individual process steps. Table 1 contrasts this contribution with the most closely
related streams.
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Table 1. Positioning of the design theory relative to related research streams.

Research Stream

Core Contribution

Unit of Analysis

Not Addressed for
Service-System
Modeling

This Study

Sociomateriality and
actor-network
theory [9,10,42]

Delegation to agentic IS
artifacts [12]

Automation-—
augmentation and
conjoined
agency [7,8,13]

Hybrid human-AlI service

research [37-40,57]

Responsible Al
governance [55,56,58]

Service blueprinting and
its extensions [4,5,59]

Agency emerges from
the entanglement of
human and material

elements
Rights and
responsibilities are
delegated between
humans and agentic IS
artifacts

Typologies of
human-AI decision
configurations

Conceptualizations,
taxonomies, and
encounter frameworks
for Al in service
Structural, procedural,
and relational
governance practices;
design mechanisms
Visualization of service
processes across lines
of interaction and

Practices, networks

Human-artifact
delegation
relationship in IS use

Organizational tasks,
routines, decision
structures

Service ecosystem,
encounter, archetype

Organization, Al
system

Service process

No design-oriented
representation of
computational
participation

Location of delegation
in service processes;
conditions of transfer

Classification rules
applicable to process
steps; link to service

representation

Modeling construct
carrying authority and
governance attributes

Localization of
governance at the
process steps where
authority is exercised

Defined constructs for
algorithmic actors and
authority

Justificatory knowledge

for treating
computational entities
as participants

Step-level authority
attribute and typed
authority transitions

Four authority levels
with a step-level
decision rule

Algorithmic-actor
construct with
authority, risk, and
explainability fields

Governance
mechanisms anchored
at decision points

Exaptation of
blueprinting to agentic
service systems

visibility

3. Materials and Methods

This study follows the design science research paradigm [60,61] and positions its
contribution as a design theory in the sense of Gregor [14] and Gregor and Jones [15]. Gre-
gor [14] distinguishes five theory types in information systems, of which Type V—theory
for design and action—prescribes how to construct an artifact to achieve a defined purpose.
Gregor and Jones [15] elaborate this theory type into an anatomy of eight components:
purpose and scope, constructs, principles of form and function, artifact mutability, testable
propositions, justificatory knowledge, principles of implementation, and expository instan-
tiation. This anatomy provides a systematic structure for developing and reporting design
theories in IS [18].

The paper combines two of the evaluation modes specified by Hevner et al. [60]:
analytical evaluation through the structured derivation and internal consistency check of
the design principles (Section 5.3), and observational evaluation through demonstrative
application of the artifact in real-world service configurations (Section 6). All three real-
world use cases were conducted with companies based in Baden-Wiirttemberg, Germany.
The theory’s purpose and scope—representing algorithmic actors, decision authority, and
governance in agentic service systems—and its justificatory knowledge are derived from
Section 2, which integrates service systems theory, sociomaterial and actor-network per-
spectives, and IS research on algorithmic decision-making and governance. The theory’s
constructs—the algorithmic actor, decision authority levels, authority transitions, and gov-
ernance mechanisms—and its principles of form and function, articulated as five design
principles (DP1-DP5), are developed in Section 4. Artifact mutability is addressed through-
out Sections 4 and 5: the theory specifies what must be representable while remaining
agnostic about the host modeling method, supporting implementation across alternative
service modeling approaches. The expository instantiation is presented in Section 5 as an
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extension of service blueprinting, thereby rendering the theory inspectable and operational
by translating its constructs and principles into a concrete modeling artifact.

Testable propositions are formulated and formatively evaluated in Section 6.6 on the
basis of a naturalistic multi-case application study [62—-64]. Section 7 discusses theoretical
and practical implications, boundary conditions, and emerging design extensions arising
from the cross-case findings. Table 2 identifies all eight components of the design-theory
anatomy, how each is realized in this study, and where it is addressed.

Table 2. Components of the design theory and where they are addressed in this paper.

Component

How It Is Realized in This Study

Where

Purpose and scope

Constructs

Principles of form and

function

Artifact mutability

Testable propositions

Justificatory knowledge

Principles of
implementation

Expository instantiation

Representing algorithmic actors, their decision authority,
authority transitions, and responsible Al governance at the
process-step level, so that service designers, operations leads,
and governance reviewers can inspect and revise them at
design time; scope: service configurations with at least one
algorithmic actor
Service design dimensions (Level 1); human and algorithmic
actors, assigned by two observable criteria with exclusion
rules (Level 2); four decision authority levels assigned by a
decision rule (Level 3); routine handover and three types of
authority transition; governance mechanisms: escalation,
risk exposure, and stakeholder-differentiated explainability
(Level 4)

Five design principles for materiality (DP1-DP5), each
specifying aim, mechanism, implementer, intended users,
and boundary conditions
The principles specify what must be representable while
remaining agnostic about the host modeling method;
authority is modeled per process step and can differ across
steps of the same actor; Level 4 feeds back into Level 1, so
governance mechanisms can alter the service configuration
P1 representational adequacy, P2 applicability, and P3
interpretability, each with unit of analysis and supporting
and challenging evidence, evaluated formatively against the
three applications; P4 instrumental utility and P5 portability
are stated but not evaluated; EP1 and EP2 are derived from
the cross-case comparison
Service systems research and service-dominant logic;
sociomateriality and actor-network theory; IS research on
algorithmic decision-making and responsible Al governance;
conceptual-modeling research; each design principle carries
an explicit rationale linking it to this knowledge base
A six-step modeling procedure that codifies how the case
blueprints were produced: reconstruct the configuration,
screen computational entities, classify decision authority,
mark transitions, specify governance properties, and review
with informants until convergence
Extension of service blueprinting through five mechanisms
that realize DP1-DP5, implemented as an openly archived
software artifact and applied to three
real-world configurations

Sections 1,4.1 and 4.1.5

Section 4.1; Tables 3-6;
Figure 1

Section 4.2

Sections 4.1.5 and 5;
Figure 2; Section 6.5

Section 6.6 (Tables 9 and
10); Section 6.7

Section 2; rationales in
Section 4.2

Section 5.4

Sections 5.1, 5.2 and 6;
Figures 5-7
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N
[Algorithmic actor at process step s
J
\4
N
Q1 Q2 Q3
Can a human actor disregard No | Does a human actor also make | po Is the action repertoire set in
the algorithmic output while —»| abinding choice on the same advance at task level, with human
keeping access to all options? decision object? monitoring or override?
777777777777777777777777777777777777777777777777777777777777777777777777777777777 No
e.g., output documented as advisory; e.g., human chooses only among Al- e.g., script, template, protocol
alternative sources remain available filtered options; Al resolves a human vs. goal plus general constraints
pre-selection; fixed aggregation rule
/
Yes Yes Yes
v v v v
Assistive Collaborative Delegated Autonomous
Human decides; algorithmic Human and algorithmic actor Algorithmic actor decides within Algorithmic actor determines means
output is advisory both make binding choices a task-level scope set by humans and sequence; ex post review only

Increasing algorithmic decision authority
[ >

Figure 1. Decision tree for classifying the decision authority of an algorithmic actor at a process step.

[ Process J [ Environment ] [ Artifact ]

Level 1
Service Dimensions

Actor

Actor Typology Algorithmic Actor

o

[ Assistive ] [ Collaborative } [ Delegated } [ Autonomous ] r

_Level3 (decision support) (iterative co-decision) (bounded decision) (independent decision)
Decision Authority
Increasing algorithmic decision authority
[ >
Service design governance mechanisms
Escalation mechanisms Risk exposure Explainability
Tevelld Responsible Al principles
ResPons'ble Al Governance Accountability Human agency and oversight Technical robustness and safety
Diversity, nondiscrimination and fairness Privacy and data governance
Social and il II-being Ti Yy

E, R, X: governance mechanism(s) that operationalize each principle

Figure 2. Integrated four-level framework for modeling agentic service systems. Level 1: service
design dimensions; Level 2: actor typology; Level 3: decision authority (assistive, collaborative,
delegated, autonomous); Level 4: governance mechanisms and the responsible Al principles they
operationalize (E = Escalation mechanisms, R = Risk exposure, X = Explainability; cf. Table 5). The
feedback arrow indicates that governance mechanisms can reshape the service configuration at
Level 1.
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This anatomy makes the nature of the contribution explicit: the primary contribu-
tion is a design theory, not a stand-alone modeling tool. Section 4 carries the theoretical
contribution; Sections 5 and 6 demonstrate and evaluate the theory through instantiation
and application. The contribution aligns with Gregor and Hevner’s [18] classification
of an exaptation within the DSR knowledge contribution framework—an established
design knowledge base extended into a new problem domain where its conventional
logic becomes representationally insufficient. The expository instantiation from Section 5,
which is a software application implementing the extended service blueprinting arti-
fact, is openly archived with its documentation and accessible for review and reuse at
https:/ /doi.org/10.5281/zenod0.22040823.

4. Design Theory: A Four-Level Framework for Modeling Algorithmic
Actors in Agentic Service Systems

This section develops the core of the design theory: the constructs and the principles of
form and function through which agentic service systems can be represented with sufficient
conceptual precision [15].

As described in Section 2, agentic Al service systems challenge the assumption of
conventional service design that human actors remain the primary loci of judgment while
technological systems can be modeled as supporting artifacts. Prior frameworks for hybrid
human-AI service systems [37—40] and insights into responsible Al design [55,56,65],
algorithmic decision-making in organizations [46,47], and Al governance [58,66] remain
weakly connected at the level of service design representation; what is missing is a modeling
approach, instantiable through established methods such as service blueprinting, that
represents algorithmic actors, decision authority, and governance mechanisms explicitly.

4.1. Framework Structure

Agentic Al services require representation at multiple analytical levels, since compu-
tational participation reconfigures constitutive dimensions of the service system: service
roles, decision authority, and governance arrangements within service processes. A frame-
work for this context must distinguish these dimensions analytically while keeping their
interdependence visible. We therefore propose four framework levels: the service-design
dimensions in which agentic service systems are embedded (Level 1); the actor typology
differentiating human from algorithmic actors (Level 2); the decision authority exercised by
algorithmic actors within service processes (Level 3); and the responsible Al governance ar-
rangements required to keep these configurations controllable, reviewable, and accountable
(Level 4).

4.1.1. Framework Level 1: Service Design Dimensions

The first framework level specifies the service design dimensions that form the descrip-
tive foundation of agentic Al services. The foundation consists of four dimensions: actors,
artifacts, environment, and process [27]. Together, they capture the essential elements
through which a service can be described as a sociotechnical configuration.

The actor dimension refers to the roles involved in service provision and use—
intentionally broad at this level and not yet differentiated by actor type. The artifact
dimension comprises the physical and digital objects through which service provision
is enabled, mediated, or materialized: machines, interfaces, devices, platforms, sensors,
documents, and Al-based system components. The environment dimension captures the
physical, digital, organizational, and institutional setting within which service provision
unfolds, including service spaces and infrastructures as well as surrounding organizational
and regulatory conditions. The process dimension refers to the sequence and coordination
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of activities through which service delivery is enacted over time, connecting actors, artifacts,
and environment into an operational configuration.

These dimensions provide the framework’s service-system embedding. Level 1 does
not yet determine whether a computational entity should be treated as an actor, how
much authority it exercises, or which governance structures are required. It sets the
representational foundation on which the subsequent levels build.

4.1.2. Framework Level 2: Actor Typology

Level 2 refines the actor dimension introduced in Level 1 by distinguishing between
human and algorithmic actors. This distinction enables the explicit representation of com-
putational systems that participate in service delivery in ways consequential for interaction,
coordination, and operational action.

Building on the sociomaterial perspective outlined in Section 2.2, the framework does
not treat human and material agency as strictly hierarchical [10]; following Dattathrani
and De’ [44], it retains human and algorithmic entities within the same service dimension
while representing them as distinct actor types, because they differ in their forms of
agency, foundations of action, and implications for accountability. Since human and
material agencies become interwoven over time, actor status is attributed not on the
basis of anthropomorphic qualities but on the basis of decision-relevant participation in
service processes.

Building on these foundations, the framework distinguishes two actor types. Hu-
man actors are individuals who participate in service provision or consumption through
judgment, interpretation, and purposeful action. Algorithmic actors are artifact-based
computational entities that engage in service delivery by processing situational inputs,
selecting among alternatives, and thereby influencing subsequent service actions across
frontstage and backstage contexts [40].

Because actor status determines whether the subsequent levels apply, it must be
assignable by observable criteria rather than by analyst intuition. We therefore treat algo-
rithmic actor status not as a property of a technology class but as a role that a computational
entity occupies at a specific process step of a concrete service configuration. A computa-
tional entity is represented as an algorithmic actor at a process step only if it meets two
conjunctive criteria (Table 3). First, discretionary selection (C1): the entity selects, ranks,
filters, generates, or sequences among alternatives on the basis of situational inputs in a
way that cannot be derived from explicitly specified rules, typically through learned or
probabilistic inference. Second, decision uptake (C2): its output enters, at an identifiable
process step, a decision or action of a human or algorithmic actor as a premise—that is, it co-
determines which alternatives, evidence, or actions are considered or executed. Influence
on a human judgment alone is therefore not sufficient; an entity that executes explicit rules,
however complex, remains a conventional artifact (exclusion E1), as do entities that merely
store, transport, or render information (E2) or whose outputs are not used in any service
decision at the process step under consideration (E3). Where documents and observation
do not allow a criterion to be determined, the entity is conservatively modeled as an artifact.

Two clarifications follow. First, actor status (Level 2) and decision authority (Level
3) are independent: an algorithmic actor may hold no decision right at all and still shape
a decision by pre-structuring its evidential basis, which is precisely the configuration
captured by assistive authority. Second, the criteria differentiate the algorithmic actor from
adjacent notions that are defined by technology or ontology rather than by role in a service
configuration (Table 4): an Al agent, for example, is an algorithmic actor in a given service
only if its output is taken up at a process step, whereas a rule-based decision support
system does not qualify regardless of its practical influence.
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Table 3. Observable classification criteria for the construct of an algorithmic actor.

Criterion

Inclusion Rule

Observable Indicators

Exclusion Rule

C1 Discretionary selection

C2 Decision uptake

Classification rule

The entity selects, ranks,
filters, generates, or
sequences among
alternatives on the basis of
situational inputs; the
specific output is not
derivable from explicitly
specified rules
The output enters a
decision or action of a
human or algorithmic actor
at an identifiable process
step as a premise,
co-determining which
alternatives, evidence, or
actions are considered
or executed

An entity is modeled as an
algorithmic actor at a
process step only if it meets
both C1 and C2 at that step

Model type in system
documentation (e.g., ML,
LLM, embeddings); open

input formats (natural

language, sensor data);
confidence or similarity
scores; variable outputs for
equivalent inputs

Process step at which the
output is consumed
(blueprint, process
documents); interview or
observation evidence
of use

Classification is made
separately for each process
step; the same entity may
be an algorithmic actor at
one step and an artifact
at another

E1: Deterministic execution
of explicit rules (if-then
logic, exact or keyword
matching, calculations,

fixed workflows),
irrespective of complexity

E2: Storage, transport,
rendering, or interface
functions only. E3: Outputs
are archived or logged but
not used in any service
decision at that step

If the available evidence
does not show whether a
criterion is met, the entity
is modeled as an artifact
and marked as a candidate
for reclassification

Two conceptual boundary cases illustrate how the rule is applied. A ticket router that

assigns incoming service requests to queues by keyword matching fails C1 and remains

an artifact (E1), whereas a machine-learning classifier that assigns the same requests a

priority on the basis of their free-text description meets C1; it is an algorithmic actor at the

triage step if service agents process the queue in the order of that priority (C2). Conversely,

a language model that summarizes customer calls meets C1, but it is an algorithmic

actor only at process steps at which its summaries enter a decision, such as the brief on

which a consultant bases a proposal, and not at steps at which the summaries are merely

archived (E3).

Table 4. Comparative schema for the construct of an algorithmic actor.

Category

Defining Property

Examples

Relation to the
Algorithmic Actor
Construct

Conventional artifact

Decision support
system (DSS)

Physical or digital object that
enables, mediates, or records
service provision; behavior

fully specified ex ante

System that supports human

decisions through data,
models, or analyses [8]

Hotline; documents; booking

software; API interfaces

Keyword filter over the

documents; Analysis of test

results

Never an algorithmic actor
(fails C1)

Algorithmic actor only if
its outputs result from
discretionary selection (C1)
and are taken up (C2);
rule-based DSS remain
artifacts
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Table 4. Cont.
Relation to the
Category Defining Property Examples Algorithmic Actor
Construct
System that executes Not an algorithmic actor
predefined actions without Appointment-slot check; despite acting: execution
Automated system . . . . . . .
human involvement registration terminal without discretionary
according to explicit rules selection fails C1

Al agent

Agentic IS artifact

Non-human
actor/actant

Algorithmic actor

ML/LLM-based system that
perceilves finputs. a}?d pilrsues Agent; Al Avatar; Service algOJSithm}ilc actor }iIn 1a given
goals, often Wlt tool use Robot service when C2 holds at a
and planning [33,67] process step
Closest conceptual
neighbor; the algorithmic
actor is its step-level
modeling construct in
service systems
Broader ontological notion;
the algorithmic actor is a
narrower, design-oriented
operationalization

Problem identification Typically meets C1; s an

IS artifact to which rights
and responsibilities are Intelligent CRM system with
delegated because of its multiple Al agents
capacity for agency [12]

Any entity that makes a
difference in a course of All entities in Figures 5-7
action [9]

Role of a computational
entity at a process step of a See Section 6
service configuration

Assigned if and only if C1
and C2 hold at that step

4.1.3. Framework Level 3: Decision Authority

Whereas Level 2 establishes whether a computational entity should be represented
as an algorithmic actor, Level 3 specifies the extent to which that actor can shape the
trajectory of a service process. Actor status alone does not indicate whether an algorithmic
actor merely informs human judgment, co-determines decisions, acts within delegated
boundaries, or selects and executes actions independently. Decision authority refers to the
extent to which an actor is authorized to recommend, select, initiate, or execute a course of
action that affects subsequent service activities.

Decision authority is distinct from responsibility and accountability, and the three
should not be used interchangeably once algorithmic actors participate in service decisions.
Authority denotes what an actor is permitted to decide at a given process step and is there-
fore a property of the service configuration rather than of the actor as such. Responsibility
denotes the obligation to carry out an assigned task with due care; applied to an algorithmic
actor, it can be understood only operationally, namely as the task scope which the actor
is configured to fulfill. Accountability denotes the obligation to answer for the outcomes
of a decision before an internal or external forum and to justify them; it presupposes the
capacity to give reasons and to bear consequences and therefore remains with human
roles and organizational units [1,68]. Delegating decision authority to an algorithmic ac-
tor consequently does not transfer accountability but relocates it to the human roles that
configure, supervise, and use the actor [58]. The framework treats this asymmetry as a
representational requirement: an algorithmic actor can hold decision authority at a process
step, but the role accountable for that step remains human and is recorded alongside the
authority level (DP5).

Since the allocation of decision-making across humans, expert groups, and Al-based
systems has direct implications for organizational effectiveness and performance [8], the
framework distinguishes four levels of decision authority in hybrid human-Al service
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systems. They provide a shared representation of who is authorized to influence a process
step, under what conditions, and with what degree of discretion.

(1) Assistive authority refers to configurations in which the algorithmic actor provides
analyses, predictions, recommendations, or response options, while decision authority
remains fully with the human actor. The system has no authority to act autonomously on
the service process; its role is limited to informing human judgment, either reactively when
invoked or proactively through supportive interventions such as anomaly detection or
automated error checks. The relevant outputs may include model predictions, information
about those predictions, or information about the AI model itself [69], and assistive config-
urations can vary in how decision support is structured [70]. The defining feature remains
constant: the algorithmic actor contributes decision-relevant input, but none of its outputs
is binding—the human actor retains access to the full option space and determines whether
and how the input is used.

(2) Collaborative authority describes configurations in which human and algorithmic
actors both make binding choices on the same decision object, sequentially or through
aggregation, so that the output of one decision-maker constrains the decision of the other.
Authority is neither fully retained by the human actor nor meaningfully delegated to the
algorithmic actor alone; instead, decision-making is distributed across a hybrid arrange-
ment in which the output of one decision-maker becomes the input to the other. This
logic aligns with research on hybrid intelligence as a structure for combining comple-
mentary strengths to achieve superior outcomes [48]. Following Shrestha et al. [8], three
collaborative configurations can be distinguished:

Algorithmic decisions as input to human decision-making: the algorithmic actor filters or
narrows a candidate set, and the human actor decides among the options passed on. The
configuration differs from assistive authority in that options eliminated by the algorithmic
actor are no longer part of the human decision; where the human retains unrestricted access
to all options and treats the output as one input among others, the configuration is assistive.

Human decisions as input to algorithmic decision-making: a human actor pre-selects a
reduced set of options from a larger pool, which the algorithmic actor then evaluates
and resolves.

Aggregated human—Al decision-making: human and algorithmic actors decide indepen-
dently on the same task, and their outputs are combined into a collective decision.

A conceptual example illustrates the level. In a field-service dispatch process, a
scheduling model shortlists three of forty technicians on the basis of skills, location, and
predicted repair time, and a human dispatcher assigns one of the three; the model’s selection
is binding because the remaining technicians are no longer considered, and the dispatcher’s
choice among the shortlisted options is binding as well. If the model merely ranked all
forty technicians and the dispatcher could choose any of them, the configuration would be
assistive; if the model assigned a technician itself unless the dispatcher intervened, it would
be delegated. In the present case set, collaborative authority occurs only in a secondary
component, the Expert Knowledge Agent of Case 3 (Section 6.5).

(3) Delegated authority refers to configurations in which an algorithmic actor is au-
thorized to select or initiate actions within a predefined scope, while human actors retain
monitoring, review, or override capacity. In such arrangements, the algorithmic actor does
not merely recommend action; it is permitted to act on behalf of the service system within
specified boundaries—typically when human actors provide structured inputs, objectives,
or constraints, and the Al system is authorized to resolve the task unless predefined excep-
tions, failures, or escalation conditions arise. Such systems operate under supervision and
restrictions rather than full autonomy [71]. Delegation is therefore not understood as ceding
unlimited control to Al, but as structuring the capabilities and authority through which
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humans use Al systems to achieve goals [72]. Delegated authority marks an important
threshold: the algorithmic actor is no longer limited to informing or co-shaping decisions
but is authorized to enact operational decisions within bounded domains.

(4) Autonomous authority describes configurations in which the algorithmic actor
determines and executes a course of action without structured human instruction or ex
ante human confirmation, even though ex post review and organizational accountability
structures may still apply [71]. In the IS literature, this degree of decision authority is
most closely associated with agentic Al architectures and related notions of self-directed
computational action [67,73,74]. Conceptually, it also builds on earlier work on multi-agent
systems, in which computational agents coordinate, negotiate, and act in distributed envi-
ronments [75,76]. Recent LLM-based agent architectures extend this logic by combining
flexible reasoning, tool use, interface access, and inter-agent coordination in comparatively
unstructured settings [77-79]. Such systems may also be monitored, corrected, or comple-
mented by other Al agents [77], underscoring that autonomy does not imply isolation but a
high degree of operational self-sufficiency within a broader sociotechnical arrangement.

To distinguish the four levels at a given process step, the framework relies on one
criterion: which actor makes binding choices at that step. A choice is binding if it determines
the outcome or removes options from the other actors; an output that a human can ignore
while still seeing all options is not binding. The allocation of binding choices is taken from
the service design as configured and checked against observed practice. Three questions,
answered for each algorithmic actor at each process step, yield the level (Figure 1). The
interaction pattern (sequential, iterative, or aggregated) and whether the actor acts only on
request or on its own initiative are recorded alongside the level but do not determine it.
Technical capability to act is likewise not a classification criterion: a system that could act
on its own but is configured to wait for human approval does not hold delegated authority.
If practice deviates from the design, for example when human approval has become a
routine formality, the designed level is kept, and the deviation is recorded as a risk.

4.1.4. Framework Level 4: Responsible AI Governance

Governance requirements arise as soon as an algorithmic actor participates in service
decisions, and their scope expands as decision authority is shared with, delegated to, or
conditionally shifted toward the algorithmic actor. Level 4 specifies these mechanisms,
defining how service systems maintain control, enable review, and uphold accountability as
algorithmic actors assume increasingly consequential roles in operational decision-making.
Schneider et al. [58] ground this level by conceptualizing structural governance through
the allocation of roles, responsibilities, and decision-making authority. Complementing
this, the responsible Al literature establishes that Al systems must remain human-centered
and normatively defensible throughout design and deployment [65]. Responsible Al
principles seek to ensure that Al systems are fair, ethical, and beneficial to those affected by
them [66,80]. To translate these principles into governance mechanisms that are analytically
meaningful and representationally actionable in service design, we reviewed IS research
on the organizational integration of responsible Al and abstracted a parsimonious set of
framework elements.

Drawing on the responsible Al principles synthesized by Papagiannidis et al. [55], we
abstracted these mechanisms in a conceptual, criterion-guided step rather than through a
systematic review. For each principle, we asked which property of a service configuration
a model would have to make visible for the principle to become addressable at design
time, and we retained only properties that are (i) attributable to a specific process step
and actor, (ii) specifiable by service designers at design time, and (iii) sensitive to the
decision authority of the algorithmic actor. Properties that address a principle at the level
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of the model or of the organization rather than at the level of a process step were excluded
by criterion (i). Three properties satisfy all three criteria and are therefore particularly
relevant for representing and designing agentic Al services: escalation mechanisms, risk
exposure, and explainability. In essence, they correspond to the three questions that a
service designer can and must resolve for each process step involving an algorithmic
actor: who takes over when the actor reaches its limits (escalation), what can go wrong
at this step and for whom (risk exposure), and who needs to understand what the actor
contributed (explainability). Other governance dimensions discussed in the responsible
Al literature, such as fairness auditing, data quality management, robustness testing, or
ethics review, are no less important, but they are specified for the model or the organization
as a whole rather than for an individual process step and are therefore located at the
boundary of Level 4 described below. These mechanisms do not substitute for responsible
Al principles; they operationalize selected principles in a form suitable for conceptual
modeling and service design. Table 5 summarizes the three mechanisms, the responsible Al
principles they primarily operationalize, and the literature underpinning this abstraction.
Relative to the assignment documented there, the three mechanisms form a minimal
covering set: each of the seven principles listed is addressed by at least one mechanism,
and removing any one mechanism leaves at least one principle unaddressed—without
escalation mechanisms, human agency and oversight; without risk exposure, privacy and
data governance as well as social and environmental well-being; without explainability,
transparency. Minimality therefore refers to the coverage relation of this assignment, not to
the substantive requirements that each principle imposes beyond the model.

Table 5. Framework Level 4: governance mechanisms and the responsible Al principles they opera-
tionalize (escalation mechanisms, risk exposure, explainability), building on Papagiannidis et al. [55].

Framework Element =~ Addressed Responsible AI Principles References
Escalation Accountability;
. Human agency and oversight; [1,6,44,68]
mechanisms

Technical robustness and safety
Diversity, nondiscrimination and fairness;
Privacy and data governance;

Risk exposure Technical robustness and safety; [39,81-84]
Social and environmental well-being
Accountability;
Explainability Diversity, nondiscrimination and fairness; [2,6,82,85-87]
Transparency

Escalation mechanisms specify how the service system responds when an algorithmic
actor reaches the limits of its authorized role, produces uncertain outputs, or encounters
exceptions—defining when control must shift to a human, thereby preserving meaningful
human involvement and making authority transitions explicit. Risk exposure captures the
potential severity and scope of adverse consequences associated with a given service con-
figuration, including discriminatory outcomes, inappropriate data use, unsafe or unreliable
system behavior, and broader negative effects on individuals and societal contexts. It is
treated as a service-system characteristic that emerges from the interaction among actors,
data, artifacts, process structures, and contextual conditions, rather than as a property of an
isolated model. Explainability captures whether the basis of algorithmically shaped deci-
sions can be made intelligible to relevant stakeholders. In service contexts, explainability is
stakeholder-specific: employees require it for intervention, managers for control and audit,
customers for understanding outcomes that affect them, and regulators for compliance
review [2].
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The boundary of Level 4 is process anchorability. Model-level controls such as bias
testing and data quality management, and organization-level structures such as Al ethics
boards, governance policies, and audit mandates, remain necessary for responsible Al
but lie outside Level 4; they enter the representation only where they materialize at a
process step, for instance as a human review step, a logging artifact, or the target of an
escalation. Within this boundary, the accountable role recorded for each algorithmic actor
is not a fourth mechanism but the attribution anchor that ties the three mechanisms to an
identifiable human role.

4.1.5. Integrated Four-Level Framework

We conceive the proposed framework as a purposive abstraction. Its value lies not in
exhaustively mirroring the complexity of agentic Al service systems, but in providing a
shared conceptual language for identifying, comparing, and representing those elements
that become decisive once computational entities participate in service interactions and
operational decisions. In this sense, the framework is intended to support communication,
reasoning, and action in service system design by making algorithmic actors, decision
authority, and governance structures analytically visible [20].

The four levels are analytically distinct but conceptually interdependent. Level 1
provides the service-system context within which computational participation becomes
meaningful: whether a computational entity should be represented as an algorithmic actor
(Level 2) cannot be determined in the abstract, but only in relation to a concrete service pro-
cess and its frontstage and backstage configuration. Once actor status is established, Level
3 specifies the extent of decision-relevant influence that the actor exercises, which in turn
conditions the responsible Al governance requirements introduced in Level 4. Responsible
Al governance is thus not an external layer appended after the service has been modeled,
but a consequence of how computational participation is configured within the service
system. The relationship between levels is not unidirectional. Once specified, governance
mechanisms—such as escalation, explainability, and safeguards—may alter the original
service design by adding process steps, new artifacts, revised actor roles, or changed
environmental conditions. Level 4, therefore, extends beyond the control of algorithmic
participation; it feeds back into Level 1 by reshaping the service-system configuration in
which such participation is embedded. Figure 2 visualizes the integrated framework.

4.2. Design Principles for Modeling Algorithmic Actors in Service Systems

The five design principles articulated in this subsection translate the four-level frame-
work into prescriptive requirements for any modeling artifact representing agentic service
systems. Each principle follows the anatomy proposed by Gregor et al. [17], specifying
the principle’s aim, the mechanism through which the aim is achieved, the implementer
(the service designer), the intended users of the resulting representation, and the boundary
conditions under which the principle is consequential. Each is accompanied by a theoretical
and empirical rationale that anchors the principle in the framework level from which it
follows. The principles are formulated as design principles for materiality [16]: they specify
what properties the artifact must possess rather than what actions the implementer must
perform—appropriate because the artifact under instantiation is a modeling method whose
representational capacities are themselves the prescriptive substance of the design theory.

DP1: Service-system embedding

The modeling artifact shall represent the four service-system dimensions—actors,
artifacts, environment, and process—as distinct yet interrelated structural elements. This
integrated representation targets service designers, owners, and operations stakeholders
engaged in designing and reviewing agentic service configurations, enabling them to anchor
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algorithmic participation in its sociotechnical context. The principle applies wherever
computational participation is configured to affect interactions or operational decisions,
reflecting the premise that Al involvement in service systems acquires meaning only relative
to the configuration in which it is enacted.

Rationale: DP1 follows from Level 1 of the framework and is grounded in service-
systems thinking and service-dominant logic, which conceptualize service as emerging from
configurations of actors, resources, and institutional arrangements rather than from isolated
technical functions [20,21]. Sociomaterial perspectives further establish that organizational
action is constitutively entangled with material arrangements [10], which means that
omitting any of the four dimensions truncates the configuration within which algorithmic
participation becomes consequential.

DP2: Algorithmic actor differentiation

The modeling artifact shall provide a representational category for algorithmic actors
that is structurally distinct from both human actors and conventional artifacts. This category
enables service designers and owners to identify where computational entities participate
in service interactions or operational decision-making, making algorithmic actors explicitly
visible as participants in the representation rather than subsuming them under existing
human or artifact categories. The principle applies wherever an entity interprets situational
inputs, selects among alternatives, or shapes service trajectories.

Rationale: DP2 follows from Level 2 of the framework and addresses the central
representational gap identified in Section 2: existing service representations accommodate
technical infrastructure but do not systematically distinguish between artifacts that enable
service delivery and computational entities that shape it. The principle is grounded in
actor-network theory [9] and in sociomaterial accounts of algorithmic agency [11,43], which
warrant tracing how non-human entities make a difference to service outcomes. The
boundary condition is consequential: the principle does not require differentiating every
computational entity from artifacts, but only those that satisfy both classification criteria—
discretionary selection and decision uptake—at a given process step (Tables 3 and 4).

DP3: Decision authority specification

The modeling artifact shall represent the level of decision authority exercised by each
algorithmic actor as an explicit attribute, differentiating assistive, collaborative, delegated,
and autonomous configurations. This attribute serves service designers, service owners,
operations leads, and audit functions assessing the distribution of decision-making influ-
ence across agentic service systems, making the strength of algorithmic influence on service
action directly inspectable. The principle applies wherever an algorithmic actor (DP2) is
present at a relevant process step, since different forms of human-Al involvement carry
qualitatively different governance, oversight, and accountability requirements.

Rationale: DP3 follows from Level 3 of the framework. IS research demonstrates
that decision authority in Al-enabled systems is rarely binary: it is distributed across
hybrid arrangements that range from informing human judgment to executing actions
independently [7,8,48]. Without an explicit authority attribute, qualitatively different
configurations collapse into an undifferentiated actor representation, which obscures the
design-relevant question of how strongly an algorithmic actor affects service action.

DP4: Authority transitions

The modeling artifact shall represent conditional transitions of decision authority
between human and algorithmic actors as a distinct relational construct, annotated with
explicit trigger conditions. This construct helps service designers, operations leads, and
governance reviewers identify where and under what circumstances control shifts between
actors, making process-dependent authority transfers explicitly representable. The principle
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applies wherever a process step admits such transitions, reflecting that authority in hybrid
human-Al service systems is frequently conditional rather than statically allocated.

Rationale: DP4 follows from the interaction between Level 1 (process) and Level 3
(authority) of the framework. Empirical and conceptual work on algorithmic decision-
making shows that authority shifts in response to thresholds, uncertainty, exceptions,
override conditions, and escalation triggers [13,47], and that the conditions under which
such transitions occur are as design-relevant as the static distribution of authority itself.
Treating all transitions as ordinary process handovers masks the conditional logic that
distinguishes routine handoff from escalation and override.

To make this distinction operational, the framework applies a same-decision-object test.
An authority transition occurs when decision authority over a decision object that is still
open moves from one actor to another. A routine handover, by contrast, passes the process
to the next step after the preceding decision has been closed; authority for the subsequent
decision was allocated ex ante, so no authority is transferred. Authority transitions are
further differentiated by their initiator (Table 6): conditional escalation is triggered by a
predefined condition, human override by the discretion of a provider-side human actor with
monitoring rights, and user deactivation by the customer. User deactivation constitutes an
authority transition only if another actor takes over the open decision object; otherwise, it
terminates the algorithmic actor’s participation without transferring authority.

DP5: Responsible Al governance embedding

The modeling artifact shall anchor responsible Al governance properties—at minimum
escalation mechanisms, risk exposure, and explainability—at the specific decision points
where algorithmic authority is exercised, with explainability further differentiated by stake-
holder group. The artifact shall further record, for every algorithmic actor at every process
step at which it participates, the human role that is accountable for the actor’s decisions and
for its configuration, because accountability is a responsible Al principle (Table 5) that the
algorithmic actor cannot discharge itself [1,68]. This localization serves service designers,
governance reviewers, and audit functions, while stakeholder-differentiated explainability
extends relevance to operators, managers, customers, and regulators. By tying governance
requirements to specific process locations rather than to the system in general, the principle
makes oversight, traceability, and accountability operationally locatable. The principle
applies in graduated form. Risk exposure and stakeholder-differentiated explainability are
specified for every algorithmic actor at every process step at which it participates, including
assistive configurations, because the risks of algorithmic participation—automation bias,
anchoring, and erroneous information—arise wherever algorithmic outputs enter human
decisions [88]. Escalation mechanisms are specified from collaborative authority upward,
since only where an algorithmic actor holds binding choices does authority exist that can
be transferred back to a human actor.

Rationale: DP5 follows from Level 4 of the framework and its integrated logic link-
ing decision authority to governance requirements [1,6,55]. The graduated scope reflects
research on human reliance on decision aids, which shows that even purely advisory
systems can induce complacency and automation bias that shift the de facto basis of human
decisions [88]. Responsible Al principles—accountability, transparency, human oversight,
technical robustness, fairness—cannot be operationalized in service design when they
are attached to the system as a whole rather than to the process steps where authority is
exercised [57]. Stakeholder-specific differentiation of explainability follows from the ob-
servation that service systems involve heterogeneous audiences whose explanation needs
differ both in form and in addressee [2]. Recording the accountable role operationalizes the
accountability principle in a locatable form, in line with research on algorithmic account-
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ability, which holds that the outcomes of algorithmically shaped decisions must remain
attributable to identifiable human roles [1,68].

Table 6. Routine handover and types of authority transition.

Type

Notation in the Extended

Definition Initiator Decision Object .
Blueprint

Routine handover

Conditional
escalation

Human override

User deactivation

Planned, unconditional passing

Closed before handover;

of the process to the next step I;reos(;ess next decision allocated color by t;arg:t element
and actor gn ex ante yp
Authority over an open decision Rule or
object moves from the Red dashed arrow, label
. . system Open " . ,
algorithmic to a human actor . IF <trigger>
. . . (trigger)
when a predefined trigger is met
A provider-side human actor
. with momtorlr}g rights Human Red dashed arrow, label
withdraws authority from the actor Open b -
. . . . OVERRIDE by <role>
algorithmic actor at their (provider)
discretion
Red dashed arrow to
The customer withdraws the . fallback actor, label “IF
. Open; transferred only if a . .
algorithmic actor from the Customer customer deactivates”;
. . fallback actor takes over .
interaction without fallback: end

marker “EXIT”

5. Expository Instantiation: Extending Service Blueprinting for Agentic
Service Systems

The developed design theory is prescriptive but agnostic regarding the modeling
method through which its constructs and principles are realized. To make the theory
inspectable and operational, this section presents an expository instantiation [15]. The
instantiation extends an established service systems modeling method, service blueprint-
ing [4,5], through five mechanisms that constitutively realize the five design principles.
Service blueprinting is a mature method for representing service processes across cus-
tomer actions, frontstage interactions, backstage activities, and supporting processes. Its
established frontstage/backstage logic provides the visibility structure that algorithmic
participation in service systems is expected to disrupt and reconfigure.

In line with the artifact mutability commitment of the design theory [15], the principles
specify what must be representable while leaving the choice of modeling method open.
Other service-design methods—such as journey mapping, e3value, and BPMN-based ser-
vice models—could in principle accommodate the same theoretical constructs through anal-
ogous mechanisms. This is a portability hypothesis, stated as proposition P5 (Section 6.6)
and not evaluated in this study, which realizes the design principles in one host method
only. The extension is therefore not a replacement of service blueprinting but a targeted
increase in its representational capacity in the domain of agentic service systems. Section 5.1
introduces the five mechanisms by which the design principles are realized. Section 5.2
presents the visual and structural design of the instantiation. Section 5.3 conducts an an-
alytical evaluation establishing ex ante design coherence between the design theory and
the instantiation.

5.1. Mechanisms Extending Conventional Service Blueprinting

The instantiation translates the design principles into five targeted extensions of the
conventional service blueprint.
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The first extension addresses DP1 by introducing a service dimensions layer at the top
of the blueprint, capturing process steps, artifacts, and environments, while actor-related
distinctions are represented in the lanes below.

The second extension addresses DP2 by introducing a distinct representational con-
struct for the algorithmic actor. In conventional service blueprinting, computational systems
typically appear only as background infrastructure or as support process elements. The
extended blueprint instead allows an algorithmic actor to be represented explicitly as a par-
ticipant in either the frontstage or the backstage, depending on where it affects the service
process. Conventional human actors and ordinary artifacts continue to be representable as
in established blueprinting practice; the new construct supplements rather than replaces
the existing categories.

The third extension addresses DP3 through an authority field in a specification overlay
attached to the algorithmic actor construct. The field indicates whether the algorithmic
actor’s contribution is assistive, collaborative, delegated, or autonomous at the relevant
process step, making the strength of algorithmic influence on service action inspectable.

The fourth extension addresses DP4 by modifying the logic of process transitions. In
conventional service blueprinting, arrows primarily indicate sequence or handover. In the
extended blueprint, arrows can additionally be marked as escalation transitions: visually
distinguished through separate encoding (red dashed lines) and annotated with a typed
label that indicates the transition type and its condition—"IF <trigger>" for conditional
escalation, “OVERRIDE by <role>" for human override, and “IF customer deactivates” for
user deactivation (Table 6). Routine handovers retain the conventional arrow notation. This
mechanism makes conditional and process-dependent shifts in authority modelable rather
than implicit in the process flow.

The fifth extension addresses DP5 by anchoring governance properties at the specific
decision points where algorithmic authority is exercised. The same specification overlay
that carries the authority field is supplemented with a risk field, recording vulnerabilities
or potential adverse effects associated with the actor’s participation, and an explainability
field, indicating the form of explanation required and the stakeholder group it addresses—
designers, operators, owners, customers, or regulators [2]. The overlay further carries an
accountability field naming the human role that answers for the actor’s decisions and for its
configuration, so that the allocation of accountability becomes inspectable at the decision
point rather than only at the level of the system as a whole.

5.2. Visual and Structural Design of the Instantiation Artifact

Figure 3 illustrates the resulting artifact structure and the points at which each DP is
realized; complete blueprint configurations of the real-world cases follow in Section 6. To
preserve interpretability across stakeholder groups, the artifact uses distinct visual encod-
ings for human actors, algorithmic actors, and artifacts, differentiated by color and symbol.
Arrow coloring varies depending on whether a transition leads to or from a human or an
algorithmic actor, and escalation transitions are encoded separately as described above.

This visual design follows a usability-oriented logic and aligns with established inter-
face design principles [89], particularly consistency, visibility of system status, recognition
rather than recall, and aesthetic-minimalist design—aiming to make the added representa-
tional richness manageable for designers and other stakeholders rather than cognitively
burdensome. The extension preserves the core structural elements of the original ser-
vice blueprint: the conventional representation of customer actions, frontstage, backstage,
support processes, the line of interaction, and the line of visibility remains intact.
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DP1 - Service-system embedding:
service dimensions layer records
process step, artifact, and

environment.

Process Step Process step description
Artifact Artifacts used within the process step (hardware, software, physical tools, ...)
Environment Environment of the process step (production hall, virtual reality room, office, ...)

Customer Action  Actions the customer takes during this process step

Line of Interaction
DP4 - Authority transitions:
i i conditional escalation from an
! ! P algorithmic to a human actor,
Algorithmic Actor Human Actor Artifact 8 .
drawn as a red dashed arrow with
Actor name Role name Artifact name its trigger condition.
Task of the algorithmic Task of the human actor at Function of the artifact at
actor at this process step. this process step. this process step.
Authority: assistive, Authority & Responsibility:
Frontstage collaborative, delegated, or declslon. a.u.thorlty and
autonomous responsibility of the role
Risks: risk types and
potential adverse effects
Explainability: form of
explanation per
stakeholder group
Accountable: role
answerable for the actor’s
) . decisions and configuration
DP2 - Algorithmic actor
differentiation: algorithmic actors
form a construct of their own, Line of Visibility
distinct from human actors and L
artifacts, in frontstage and Human Actor Artifact Algorithmic Actor
backstage. Role name Artifact name |« Actor name
Task of the human actor at Function of the artifact at Task of the algorithmic
this process step. this process step. actor at this process step.
Authority & Responsibility: Authority: assistive, DP3 and DP5 - .SpeFlflcatlon .
decision authority and collaborative, delegated, or overlay: authority field (DP3); risk,
responsibility of the role autonomous explainability, and accountability
Backstage Risks: risk types and fields (DP5).
potential adverse effects
Explainability: form of
explanation per
stakeholder group
Accountable: role
answerable for the actor’s
decisions and configuration
Line of Internal
Interaction
Support
s Support process
Legend: [ Artifact Human Actor Algorithmic Actor ~ — Flow to artifact ~ —— Flow to human actor ~ ——# Flow to algorithmic actor ~ ——#- Link to support process

—— Conditional escalation (authority transition from algorithmic to human actor)

Figure 3. Architecture of the extended service blueprint and the design principles (DP1-DP5)
realized by its elements. Arrow colors indicate the type of the target element (purple: artifact; green:
human actor; blue: algorithmic actor); red dashed arrows denote conditional escalations with their
trigger condition.

5.3. Analytical Evaluation

This subsection conducts an analytical evaluation of the artifact against the developed
four-level theoretical framework. Analytical evaluation is an established approach to evalu-
ating modeling methods because it makes the artifact’s representational logic inspectable in-
dependently of any specific empirical context [90,91]. Within the eight-component anatomy
of Gregor and Jones [15], it serves a distinctive epistemic function: it establishes whether
the expository instantiation faithfully realizes the theory’s constructs and principles of form
and function before the testable propositions of the theory are demonstrated through appli-
cation (Section 6.6). Analytical evaluation thereby protects the subsequent demonstration
from confounding artifact-internal incoherence with theory-level shortcomings: only when
the instantiation coherently operationalizes the design theory can its application be read
as a demonstration of the theory itself. The evaluation proceeds in two complementary
steps: an examination of internal design coherence between principles and mechanisms,
and a representational comparison between the extended artifact and conventional service
blueprinting [92].
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Table 7 consolidates the principles, the framework levels from which they follow, the
mechanisms, and the representational implications of each mechanism.

Table 7. Analytical evaluation (1): design coherence between design principles (DP1-DP5), framework
levels (Levels 1-4), and artifact mechanisms.

Design Principle

Framework Level

Artifact Mechanism

Representational Implication

DP1-Preserve
service-system embedding
by representing actors,
artifacts, environment, and
process as distinct but
interrelated dimensions.

DP2-Differentiate
algorithmic actors from
conventional artifacts
whenever computational
entities participate
consequentially in service
interactions or operational
decision-making.

DP3-Represent decision
authority explicitly as an
attribute of each
algorithmic actor,
differentiating assistive,
collaborative, delegated,
and autonomous
configurations at each
process step.

DP4-Make authority
transitions representable by
specifying the conditions
under which control shifts
between human and
algorithmic actors.

DP5-Embed governance
elements at every process
step where an algorithmic
actor participates: risk
exposure and
explainability at all
authority levels, escalation
mechanisms from
collaborative authority
upward. The accountable
human role is recorded at
every such process step.

Level 1: Service-system
embedding

Level 2: Actor
differentiation

Level 3: Decision
authority

Levels 1 and 3 (process
and authority)

Level 4: Responsible Al
governance

Service dimensions layer
added at the top of the
blueprint, capturing
process step, artifact, and
environment, with
actor-related distinctions
represented in the lanes
below.

Distinct algorithmic actor
construct placed in
frontstage or backstage
lanes, visually
differentiated from human
actors and from
conventional artifacts
through dedicated symbol
and color encoding.

Authority field in the actor
specification overlay,
indicating whether the
algorithmic actor’s
contribution is assistive,
collaborative, delegated, or
autonomous at each
process step.

Escalation transitions
implemented as a distinct
arrow type with separate

visual encoding (red

coloring) and a concise
trigger condition label.

Risk, explainability, and
accountability fields in the
actor specification overlay,

anchored at the process

steps where algorithmic
authority is exercised; risk
indicates exposure type
and severity, explainability
indicates form and target
stakeholder group. The
accountability field names
the human role answerable
for the actor’s decisions
and for its configuration.

Computational participation is
anchored in its sociotechnical
context rather than abstracted
from it; the conditions under
which an algorithmic actor
becomes consequential remain
visible.

Computational entities that
interpret situations or shape
interaction trajectories are
rendered visible as actors
rather than collapsed into
background infrastructure.

Qualitatively different forms
of human-Al involvement are
no longer collapsed into a
single undifferentiated
representation; the strength of
algorithmic influence on
service action is made
inspectable.

Conditional and
process-dependent authority
shifts—triggered by
uncertainty, exceptions,
override conditions, or
escalation
thresholds—become explicitly
modelable rather than implicit
in the process flow.

Governance becomes a
process-anchored,
decision-point-specific
property rather than an
external descriptor of the
system as a whole.
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Beyond individual DP-mechanism pairs, the mechanisms are mutually reinforcing in
application: the service-dimensions layer (DP1) provides the substrate in which the algo-
rithmic actor construct (DP2) becomes meaningful; the authority specification (DP3) is what
makes authority transitions (DP4) interpretable as conditional shifts rather than mere han-
dovers; and the governance fields (DP5) become operational only because they are anchored
to decision points whose authority distribution has been made explicit through DP3 and
DP4. Internal design coherence is therefore established not only at the level of individual
principle-mechanism correspondences but also at the level of their combined operation.

The second step positions the artifact against conventional service blueprinting, align-
ing it with the representational requirements derived from design theory (Table 8). The
relevant question is not whether the artifact performs better on shared modeling tasks—
both methods can depict service sequences and visibility structures equally well—but
whether the artifact provides dedicated representational constructs for what the standard
notation of service blueprinting leaves to ad hoc annotation when computational entities
participate consequentially in operational decision-making. This is a question of represen-
tational expressiveness in the sense of Wand and Weber [93] and Recker et al. [90]. The
comparison refers to the standard notation of service blueprinting as codified in the method
literature [4,5], not to what the method could be made to express. Blueprints are a flexible
technique and are routinely annotated ad hoc, so any single requirement listed in Table 8
can be met by an annotation agreed for a particular project. The claim of the comparison
is therefore the narrower one that the standard notation offers no dedicated construct
for these requirements, which leaves their representation to conventions established case
by case rather than to the method itself and limits comparability and systematic review
across configurations.

Table 8. Analytical evaluation (2): support of representational requirements in conventional service
blueprinting and in the extended service blueprint.

Representational
Requirement

Conventional Service
Blueprinting (Standard
Notation)

Instantiation Source of Requirement

Differentiation of human
actors, conventional
artifacts, and
computational entities that
participate consequentially
in operational
decision-making

Explicit representation of
the strength of algorithmic
influence on service action

(assistive, collaborative,
delegated, autonomous)

Representation of
conditional authority
transitions, including

escalation and override

Not supported by the standard
notation. Computational
systems appear as background
infrastructure; no systematic

Supported. Algorithmic
actor construct introduced
as a distinct

distinction between an represeptatlonal category DP2; Level 2
. . alongside human actors
enabling artifact and a . .
. O . and artifacts, with
decision-shaping . . .
. : dedicated visual encoding.
computational entity.
Not supported by the Supported. Authority field
standard notation. Process in the actor specification
steps depict actions and overlay differentiates four DP3; Level 3

handoffs but not the degree of
decision authority exercised
by the participating entities.
Partially supported by the
standard notation. Arrows
depict sequence and handover
but do not distinguish a
routine handoff from a
conditional escalation
triggered by uncertainty,
exception, or override.

levels of decision authority
and locates them at specific
process steps.

Supported. Escalation
transitions implemented as
a distinct arrow type with
separate visual encoding
and a concise trigger
condition label.

DP4; interaction of
Levels 1 and 3
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Table 8. Cont.

Representational
Requirement

Conventional Service
Blueprinting (Standard
Notation)

Instantiation Source of Requirement

Anchoring of governance
properties (risk exposure,
explainability, accountable
role) at the specific process
steps where algorithmic
authority is exercised

Stakeholder-specific
differentiation of
explainability requirements
(designers, operators,
managers, customers,
regulators)

Preservation of
conventional blueprint
capacities (customer
actions, frontstage,
backstage, support
processes, line of
interaction, line of
visibility)

Supported. Risk,
explainability, and
accountability fields in the
actor specification overlay
are anchored at decision
points and specify

Not supported by the standard
notation. Governance, where
addressed at all, is treated as a

system-level descriptor exposure type, severity, DP5; Level 4
external to the process explanation form, target
representation. stakeholder group, and the
human role accountable for
the actor’s decisions and
configuration.
Not supported by the standard
notation. Conventional Supported. Explainability
blueprinting provides no field allows
dedicated representational slot stakeholder-specific DP5; Level 4

for explainability, let alone for
stakeholder-specific
differentiation.

annotation of explanation
form and addressee.

Preserved. All original
representational capacities
remain intact.

Continuity requirement
and exaptation
logic [18,60].

Supported. Constitutive of the
method.

The comparison indicates that the artifact extends the representational scope of ser-
vice blueprinting across the framework levels while preserving the method’s original
representational capacity. The analytical evaluation thus establishes design coherence
and representational extension ex ante. What it cannot establish is whether the design
theory—via its instantiation—captures the phenomenal complexity of agentic service sys-
tems as they unfold in real organizational contexts. This question concerns the testable
propositions of the design theory [15] and is addressed through demonstration in three
real-world agentic service systems in Section 6.6. Whether the extended notation also
yields better modeling outcomes in use is a different question: it would require a controlled
comparison in which participants model the same configurations with both notations. Such
a comparison is not part of this study and is stated as proposition P4 (Section 6.6).

5.4. Principles of Implementation

Principles of implementation describe how a design theory is brought to bear in a
specific context [15]. For the extended service blueprint, they correspond to the modeling
procedure applied in Section 6: (1) reconstruct the process steps, actors, artifacts, and envi-
ronments of the configuration from documentation, observation, and informant accounts;
(2) apply the classification criteria (Table 3) to each computational entity at each process step;
(3) classify the decision authority of each algorithmic actor at each step with the decision
tree (Figure 1); (4) mark authority transitions with their trigger conditions and distinguish
them from routine handovers; (5) specify risk exposure, stakeholder-differentiated explain-
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ability, and the accountable human role for each algorithmic actor and, from collaborative
authority upward, escalation mechanisms; and (6) review the blueprint with informants
who know the configuration and iterate until no substantive change is requested.

6. Demonstration Through Real-World Applications

The design theory developed in Section 4 and instantiated in Section 5 is demonstrated
in this section through illustrative application in three real-world agentic service systems.
Demonstration is an established step within the design science research process [61] in
which the constructed artifact is shown to be applicable in suitable settings. Within the
eight-component anatomy of Gregor and Jones [15], demonstration through expository
instantiation renders the theory inspectable in practice and provides initial evidence that its
constructs and principles of form and function support the representation of the phenomena
for which the theory was developed. The aim of this section is a focused demonstration
of the theory’s applicability across purposefully varied configurations of agentic service
systems. Each case is represented through the extended service blueprint and was reviewed
with key informants in the respective service organization in a formative evaluation. To
keep the representations legible, the three case blueprints are presented on landscape full
pages (Figures 5-7); full-resolution vector and raster versions are provided as Figures 5-7.

6.1. Demonstration Approach and Case Selection

The cases were selected purposefully through theoretical rather than statistical sam-
pling [64] with the explicit goal of demonstrating the representational reach of the design
theory across purposefully varied service configurations [57]. Three criteria guided the
selection: the service contained at least one computational entity meeting the classification
criteria for an algorithmic actor; the primary algorithmic actors differed in authority level,
embodiment, and frontstage or backstage position; and informants, documentation, and
service operation were accessible. The cases thus differ in their configuration at each of the
four framework levels, so that the instantiation is applied to qualitatively different forms of
algorithmic participation rather than to similar configurations. The set covers three of the
four authority levels as primary configurations; collaborative authority appears only as a
secondary component in Case 3 (the Expert Knowledge Agent), so the demonstration does
not cover the full authority typology.

The three selected cases are visualized in Figure 4.

Case 1 instantiates an assistive authority configuration with backstage participation in
an Al-augmented industrial maintenance service: the algorithmic actor surfaces relevant
historical cases on demand, while every consequential decision remains with the human
Control Engineer. Case 2 exemplifies a delegated authority configuration with avatar-
mediated frontstage embodiment in a premium custom furniture service: the algorithmic
actor independently conducts initial requirement elicitation through human-like dialogue,
while solution development remains the responsibility of the human design expert. Case
3 demonstrates an autonomous authority configuration with physical embodiment in a
robotic showroom guide: the mobile robot independently plans routes, sequences product
demonstrations, and selects references within a trained product domain, while adhering to
safety constraints and two conditional escalation triggers.
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Figure 4. Overview of the three demonstration cases with primary authority level, embodiment,
position of the algorithmic actors, and authority transitions.

6.2. Data Sources and Procedure

For each demonstration case, the application combines three complementary data
sources to triangulate the case-specific blueprint against the actual service configuration [64].
The first source is the case-specific extended service blueprint, developed iteratively with
key informants in the service organization. An initial blueprint was constructed by the
research team based on available documentation and direct observation, then revised across
multiple iterations in response to informant feedback until convergence was reached. The
blueprint is the central representational record of the demonstration: its mutability across
iterations indicates representational tensions surfaced by the framework, while convergence
signals that the design theory’s constructs and principles have captured the configuration’s
relevant complexity. All case blueprints represent the as-is configuration: they contain
only elements that were in place at the time of data collection, and each blueprint carries
an explicit as-is marker (Figures 5-7). Representational gaps and improvement options
that surfaced during blueprint development and during the evaluation interviews were
recorded separately and are reported as design opportunities in Section 6.6. They were
deliberately not entered into the blueprints, so that the assessment of representational
adequacy refers to the service as deployed rather than to a redesigned configuration.

The second source comprises semi-structured evaluation interviews, approximately
45 min each, conducted with key informants holding central service-design and service-
operations roles in the respective configurations. Interviews were structured into three
blocks: configuration understanding in everyday language (Block A), authority and gov-
ernance perceptions (Block B), and a structured blueprint assessment of representational
adequacy, applicability, and interpretability (Block C). In Block C, informants were asked
whether the blueprint represented the service as operated and what was missing or misrep-
resented, whether actor status, authority levels, transitions, risks, and explainability were
assigned correctly, and to explain selected process steps of the blueprint in their own words
and name possible uses. Six informants participated across the three cases:

Participant 1: Software Team Lead (Case 1)
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Participant 2: Maintenance Service Team Lead (Case 1)

Participant 3: Service Agent (Case 2)

Participant 4: CEO (Case 2)

Participant 5: Remote Sales Agent (Case 3)

Participant 6: Consultant (Case 3)

This sampling spans technical implementer, service operations, and service owner
roles across the three configurations, capturing stakeholder perspectives that vary in their
proximity to the algorithmic component and in their accountability within the service.
The sample is suited to the purpose of a formative, exploratory evaluation of a design
artifact; it does not permit general claims about the adequacy of the artifact beyond the
configurations examined.

The six informants who took part in the evaluation interviews were the same individ-
uals who reviewed the blueprints during their iterative development. This overlap was
a consequence of access: in each organization, the informants were the persons with the
most detailed knowledge of the configuration. It entails a risk of confirmation bias, since
participants who helped shape a representation are more likely to judge it adequate. We
therefore treat the interview results as formative evidence and applied two safeguards:
interview questions explicitly asked for omissions, misrepresentations, and elements that
could not be expressed; qualifying and contradicting statements were coded separately.

The third source comprises contextual documents and on-site observations, including
system documentation, process artifacts, interface materials, and direct observation of
service encounters. At the time of data collection, the algorithmic components of all three
cases were in pilot operation. In Case 1, the developed Al service system had been in use
for five weeks; we analyzed the system documentation, the structure of the organization’s
data, the service procedure file, and 32 remote maintenance cases. In Case 2, the Al service
system had been deployed on the company website for four weeks; we analyzed the avatar
configuration and the brief template, and observed 19 user interactions, each approximately
6 min. In Case 3, the Service Robot operated in the showroom for four weeks; we analyzed
the robot’s capability specification, the escalation procedure, and the showroom layout,
and observed nine guided visits, each approximately 16 min. The evaluation interviews
took place after the third week of operation. Blueprint development comprised two, three,
and three iterations in Cases 1, 2, and 3, respectively. Revisions concerned mainly the
granularity and sequence of process steps, the assignment of artifacts to process steps, and
the wording of the authority, risk, and explainability fields; an iteration was considered
final when informants requested no further substantive change. Service encounters were
observed directly in Cases 2 and 3, covering the customer-facing process steps of the
respective services (Case 2: process steps 1-3; Case 3: process steps 1—4); in Case 1, they
were reconstructed from case records. Data were collected between March and April 2026.
These data anchor the blueprint to the actual service configuration and serve as a corrective
to retrospective reconstruction in informant accounts [64].

Interviews were documented in detailed notes during and immediately after each
interview. We analyzed the interview data and contextual documents through thematic
analysis [94], in a hybrid deductive-inductive procedure [95]. A codebook defined before
coding contained deductive codes for the four framework levels, the five design principles,
and the three evaluation criteria. Inductive codes captured observations outside the code-
book, such as missing feedback loops or uncertainty handling. The first author coded the
documented data set. Codes and emerging themes were reviewed with a second researcher
in two joint sessions; divergent interpretations were discussed until consensus was reached.
Themes were developed by first clustering codes within each case and then comparing them
across cases [64]. Qualifying and contradicting statements were retained as separate codes
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and are reported as qualifications in Section 6.6 and Table 10. Coding was carried out in a
structured spreadsheet (Microsoft Excel, version 16.112.1); no specialized qualitative data
analysis software was used. Because the first author developed the artifact and moderated
the blueprint iterations, the analysis is exposed to confirmatory interpretation; the separate
coding of qualifying and contradicting statements and the joint review sessions served to
counter this.

6.3. Case 1: AI-Augmented Maintenance Service

Case 1 is situated in the technical maintenance service of a mid-sized industrial ma-
chinery manufacturer. Research on fleets of self-service systems optimizes when and
how maintenance is performed, for instance through dynamic maintenance policies that
incentivize customers to report failures [96] and through quantitative frameworks for
developing fleet-level maintenance policies [97]. Such policies presuppose that reported
failures are interpreted correctly. The present case addresses this complementary question:
who interprets failure information within the service process, and with what authority.
The algorithmic actor in Case 1 participates at exactly this diagnostic step, on which the
choice of corrective action depends. The service is delivered remotely by Control Engineers
based at the company’s headquarters, who support customer-side mechanics in produc-
tion halls when machines malfunction. It follows a six-step process—customer request,
problem identification, information gathering, problem analysis, attempted resolution, and
case documentation—and rests on a cumulative knowledge base of historical error cases
maintained as a structured Excel Error List.

Two organizational developments motivated the introduction of an Al-based com-
ponent. The service organization is undergoing a structural reorganization, which has
shifted experienced engineers between roles and increased the share of cases handled by
less-experienced personnel. Furthermore, diagnostic competence in this service depends
heavily on details distributed across thousands of historical entries that no single engi-
neer can hold in memory. At the same time, the time-pressure characteristic of remote
maintenance—customers awaiting resolution while production lines stand idle—rewards
rapid, well-targeted access to relevant prior cases, and manual search through the error list
during a live customer call has become a bottleneck for less-experienced personnel.

The Al-based component introduced into this service is a Problem Identification Agent:
a retrieval-augmented diagnostic system operating on a vector database constructed from
the historical Excel Error List. The agent performs a semantic similarity search based on
natural-language error specifications and returns ranked candidate cases with full source
metadata. It is invoked by the Control Engineer at process step 4 (Problem Analysis). Its
output is treated as one diagnostic input among several, verified against current machine
documentation before a diagnostic hypothesis is formed. The agent does not synthesize
diagnoses, trigger subsequent process steps, or interact with the customer.

The configuration also closes the knowledge loop: at process step 6, resolved cases
are uploaded back to the vector database via the Vector Storage Upload Software, ensuring
that the retrieval substrate evolves alongside the service. This represents an assistive,
backstage algorithmic actor without embodiment—instantiating the lower end of the
framework’s authority typology and the canonical configuration in which an algorithmic
actor remains entirely backstage, mediated to the customer only through the human
service representative.

The case-specific extended service blueprint is visualized in Figure 5. In this blueprint,
the Control Engineer is positioned in the frontstage lane as the sole human actor, present at
every process step and bearing full decision authority throughout. The service dimensions
layer at the top of the blueprint records the artifacts and environments characterizing each
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process step—from the customer’s production hall (process steps 1, 3) to the company
headquarters (process steps 2, 4, 5, 6)—and makes visible that artifacts in this service span
both physical (hotline, machine nameplate, malfunctioning machine) and digital (Excel
Error List, internal app, Vector Storage Upload Software) categories. The Service Procedure
File, Excel Error List, and Vector Storage Upload Software appear in the backstage lane as
conventional artifacts feeding into and out of the service.

The Problem Identification Agent appears in the backstage lane at process step 4
as the only algorithmic actor in the configuration. Its specification overlay records assis-
tive authority with explicit boundary conditions: reactive invocation, no process-control
authority, and no synthesis. The risk field differentiates epistemic risks (retrieval bias,
database staleness), procedural risks (anchoring on top-ranked results, overreliance on
similarity scores), and input-side risks (dependence on the quality of specifications from
process step 2). The explainability field is stakeholder-differentiated: source metadata for
the Control Engineer enables per-case verification, full conversation logs in the internal
archive support audit and quality assurance, and aggregate retrieval statistics serve service
management. Customer-facing explainability is not required by the backstage configu-
ration and is therefore documented as constitutively absent. No escalation transitions
are needed: the assistive authority level entails that no authority shift between human
and algorithmic actor occurs at any process step. The accountability field records that
the Control Engineer answers for the use of the agent’s output in the diagnostic decision,
whereas the Maintenance Service Team Lead answers for the agent’s configuration and for
the currency of the underlying vector database.

Case 1 is included deliberately as a boundary case at the minimal-authority end of the
typology. Applying the classification criteria (Tables 3 and 4), the Problem Identification
Agent meets C1 because which historical cases are retrieved, and in which order, results
from embedding-based semantic similarity over several thousand entries and cannot be
derived from explicitly specified rules. It meets C2 because the ranked candidates are
consumed at process step 4 as the evidential basis from which the Control Engineer forms
the diagnostic hypothesis. Two contrasts clarify the boundary: a keyword filter applied to
the same Excel Error List would fail C1 (exclusion E1) and would be modeled as an artifact;
the Vector Storage Upload Software, although it uses an embedding model, fails C2 because
its output is not taken up in any service decision (E3). The agent’s lack of decision rights is
captured at Level 3 through assistive authority—the engineer retains unrestricted access
to the Excel Error List and machine documentation at process step 4 and may disregard
the retrieved cases—rather than by denying actor status. The case thus illustrates that the
governance-relevant differentiation introduced by DP2 already applies where algorithmic
participation is structurally constrained: the risk of anchoring on top-ranked results arises
precisely because the agent pre-structures the evidential basis of a human decision.

6.4. Case 2: First-Contact Service Agent

Case 2 is situated in a premium furniture service producing customized, high-value
pieces, combining B2C and B2B interactions. The company offers an end-to-end service
package including requirement elicitation, design consultation, technical drawings, 3D
renderings, manufacturing, and installation of high-value customized furniture. Because
projects are individually planned and often involve substantial budgets, customers typically
expect highly personalized interaction and prefer direct consultation with the CEO, who
acts as the key expert for final solution development.

The main service problem arose in the first-contact stage. Before a CEO consultation
could take place, a human service agent had to conduct an initial conversation, collect
largely repetitive information on budget, design preferences, materials, timeline, and special
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Case 1- Al-augmented malntenance service Algorithmic actor: Problem Identification Agent (backstage, process step 4) - Authority: assistive - Embodiment: none - Authority transitions: none

Process Step Customer request

requirements, and then structure and summarize the request for review. This process
was time-consuming, costly, and difficult to scale during periods of high simultaneous
demand. At the same time, the premium positioning of the service required preserving a
personalized, human-like interaction experience that conventional chat-based interfaces
could not deliver.

As-is configuration

Problem identification Documentation process

Information gathering Problem analysis Attempt to solve the problem

Artifact Hotline; Excel error list senvice procedure file Internal app; machine nameplate Excel error lst; machine documentation Internal app; malfunctioning machine Excel error lst; vector storage upload software
Environment  Customer’s production hall Company headquarters Customer's production hall Company headquarters Company headquarters Company headquarters
Customer  Mechanic recognizes and reports machine T ————— Mechanic walks over to the machine and provides Customer follows the engineer's guidance to resolve _
Action malfunctions. the requested information. the issue.
Human Actor Human Actor Human Actor Human Actor Human Actor Human Actor
Control Engineer Control Engineer Control Engineer Control Engineer Control Engineer Control Engineer
Receives the malfunction report, performs the | | Documents the malfunction following the Guides the mechanic on-site to retrieve Queries the Problem Identification Agent with | | Guides the mechanic through the resolution Documents the resolved case, structures the
diagnostic dialogue, and creates the initial case | | service procedure file. Translates the machine-state information via internal appand | | structured error specifications, evaluates past | | steps, monitors machine response, and adjusts | | entry for the Excel Error List, uploads the case
record in the Excel Error List. Determines customer's description into a structured error | | nameplate, integrating remote sensor data with t the current setup, verifi t | | asneeded. Authe h step in real time, 10 the vector database via the Vector Storage
Frontstage | whether the reported symptoms require specification and selects the appropriate the customer’s situated observations. Judges output against documentation, and guides the deciding when to abort or change the Upload Software, and determines abstraction
remote troubleshooting or escalation to on-site | | diagnostic pathway. the sufficiency of the gathered information for | | resolution. procedure. Tevel and metadata granularity.
service. downstream analyss.
Authority & Responsibility: Procedural Authority & Responsibility: Full diagnostic Authority & Responsibility: Resolution authority | | Authority & Responsibility: Knowledge curation;
Authority & Responsibility: Service intake and compliance and case structuring Authority & Responsibility: Remote diagnostic decision authority; responsible for verifying agent | | and safety guarantor. responsible for the quality of the archived case.
triage authority; responsible for the initial case: coordination. output.
record
Atifact Artifact Algorithmic Actor Artifact
Excel error list Service procedure file Problem identification agent Vector storage upload software
Cumulative case archive organized by customer, | | Codified diagnostic protocol offering Uses a vector database of historical Excel Error Ingestion interface converts Excel Error List
machine type, error, and resolution. Acts asthe | | step-by-step guidance for case structuring, Lists to perform semantic similarity searches entries into vector embeddings and indexes
main knowledge base for retrieval and the serving as the standard to ensure consistent with natural-language error inputs, returning them in the database, supporting the
input for the vector database powering the error documentation across engineers and ranked matches with metadata. closed-loop knowledge cycle.
Problem Identification Agent. cases.
Authority: Assistive. Reactive retrieval on
demand; no process-control authority.
Risks: Retrieval bias; database staleness;
Backstage anchoring on top-ranked result; over-reliance on
similarity scores; dependence on specification
quality from process step 2
Explainability: Engineer: source metadata per
retrieved case. Audit:full conversation logs
archived. Management: agaregate retrieval
statistics.
Accountable: Control Engineer (use of the
output); Maintenance Service Team Lead
(configuration).
Support N N
e Updating the error data archive Providing the latest documentation Calculating similarity score Vector base update
Legend: [ Artifact Human Actor Agorithmic Actor  —— Flowtoartifact  ——#- Flow to human actor  ——#- Flow to algorithic actor  ——# Link to support process

Figure 5. Extended service blueprint for Case 1 (Al-augmented maintenance service; assistive
authority; no embodiment; no authority transitions); as-is configuration.

The Al-based component introduced into this service is an Al Avatar deployed on the
company website, combining speech-to-text, text-to-speech, and a photorealistic visual
avatar to elicit natural-language requirements. The avatar is authorized to conduct struc-
tured requirements capture within a clearly bounded scope—budget, design preferences,
materials, timeline, and special requirements. It then forwards the structured summary to
a backstage Request Optimizing Agent, which prepares a CEO-ready brief. The customer
can deactivate the avatar’s visual representation at any time, in which case the elicitation
continues with the same conversational agent; no automated escalation conditions are
implemented in the current configuration. This represents a delegated, frontstage algo-
rithmic actor with avatar-based embodiment—a mid-range authority configuration of the
framework typology, in which the algorithmic actor occupies a customer-facing position
that a human service agent would otherwise hold, with embodiment as a constitutive
element of the service positioning rather than a peripheral interface choice.

The case-specific extended service blueprint maps the first-contact service across six
process steps (Figure 6). The algorithmic actor is positioned in a dedicated frontstage lane
immediately adjacent to the customer action lane, indicating that, from the customer’s
viewpoint, the avatar-based agent assumes the interactional role traditionally held by a
human service agent. The service dimensions layer at the top of the blueprint documents
the multimodal artifact stack underlying the encounter—such as speech-to-text and text-to-
speech components, the photorealistic avatar interface, and the conversational reasoning
model—along with the virtual chat interface as the primary environment. However, the
company headquarters appears only at the final consultation step.
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The blueprint differentiates two algorithmic actors. The frontstage Al Avatar conducts
customer-facing welcoming and structured elicitation across process steps 1 and 2; its
specification overlay records delegated authority bounded by the predefined elicitation
scope (no binding statements on price, design, or timeline). Risk exposure primarily in-
volves relational and procedural aspects: trust violations that arise when users realize
afterward that the interaction was Al-driven, and incomplete elicitation that may distort
downstream requirements. Explainability is stakeholder-differentiated: pre-engagement
disclosure of the Al nature and persistent deactivation control for the customer, full tran-
script archival for the CEO, and management review for service operations. The backstage
Request Optimizing Agent receives the conversation transcript at process step 5 and produces
the CEO-ready brief; its overlay records delegated authority within a predefined output
template. Epistemic risks (hallucination during summarization of ambiguous statements)
and procedural risks (nuance loss during structured summarization) constitute the dom-
inant exposures, with provenance tracking from raw transcript to brief as the principal
explainability mechanism. For both algorithmic actors, the accountability field names the
CEO, who owns the first-contact process and the consultation that builds on the elicited
requirements. Pre-engagement disclosure belongs to the as-is configuration and is not a
recommendation introduced through the blueprint: the avatar signals its artificial nature
before the elicitation begins. The relational risk recorded in the specification overlay is
therefore residual rather than a consequence of absent disclosure. It concerns the possibility
that a brief pre-engagement signal is not registered, or loses salience, over a photorealistic
speech-based interaction of several minutes. That the disclosure design is underspecified
relative to the governance significance it carries in a premium B2C context was identified
during the evaluation and is reported as a design opportunity in Section 6.6, separately
from the as-is representation.

Applying the transition typology (Table 6) clarifies the configuration. Case 2 contains
no authority transition during elicitation: there is no conditional escalation, and no provider-
side actor monitors the interaction who could override the Al Avatar. The deactivation
option available to the customer does not constitute a user deactivation in the sense of
the transition typology, because it switches off only the avatar’s visual representation—
an artifact rendered through the avatar interface—while the same conversational agent
continues the elicitation in text mode. The algorithmic actor and its delegated authority
therefore remain unchanged; what changes is the embodiment of the interaction. The
passage from the Request Optimizing Agent (process step 5) to the CEO consultation
(process step 6), in contrast, is a routine handover: the brief is completed before the
consultation begins, and the CEO’s authority over solution development is allocated ex
ante. The absence of any conditional escalation is itself a representational finding, which
informants identified as a design gap (Section 6.7).

6.5. Case 3: Robotic Showroom Guidance Service

Case 3 is situated in a robotic showroom guidance service operated by a manufacturer
of high-value consumer goods. Customers visit the company’s physical showroom to
explore the product range before engaging in a formal consultation. Traditionally, this
exploratory stage has required the continuous presence of human sales staff to greet cus-
tomers, identify their interests, guide them through relevant areas of the showroom, and
demonstrate selected products. The service follows a six-step process: entering the show-
room, information gathering, information provision, appointment scheduling, customer
data analysis and storage, and final consultation with a human Consultant. Two organi-
zational developments motivated the introduction of an embodied Al-based component.
First, the persistent availability requirement of premium showroom services—customers
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Figure 6. Extended service blueprint for Case 2 (first-contact service agent; delegated authority;
avatar-based embodiment; no authority transitions); as-is configuration.

The Al-based component introduced into this service is a Service Robot: a mobile,
physically embodied system combining LLM-based natural-language dialogue, locomotion,
sensor fusion, and access to a vector-based product knowledge base. The robot operates
across three frontstage process steps at varying authority levels. At process step 2, it
conducts predefined elicitation dialogue (delegated). In process step 3, it independently
determines routes, sequences product demonstrations, and selects references within the
trained product domain (autonomous). At process step 5, it forwards structured interaction
data to a backstage Data Handle Agent within a predefined handover protocol (delegated).
Final consultation and binding decisions remain explicitly with a human Consultant at
process step 6, supported by a backstage Expert Knowledge Agent operating in a collaborative
configuration. Because the autonomous process step carries the highest authority and is
realized through physical co-presence with the customer, the configuration includes two
conditional escalation triggers—customer dissatisfaction and scope overflow, in which the
robot cannot perform the requested task—both of which transfer the interaction to a human
sales agent; technical issues at the registration terminal are handled through a separate
support path. This represents an autonomous, frontstage algorithmic actor with physical
embodiment—the highest authority configuration of the three cases, with the elevated
authority level matched by a richer escalation architecture than in the other two cases.

The case-specific extended service blueprint represents the showroom guidance service
across the six process steps (Figure 7). Because Case 3 is the most complex of the three
configurations, we provide a brief explanatory guide: Figure 7 can be read in three passes:
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first, by following the Service Robot across process steps 2, 3, and 5 and noting how its
authority field changes from delegated to autonomous and back to delegated; second, by
tracing the two red dashed escalation paths from process steps 2 and 3 to the Remote Sales
Agent; and third, by locating the two backstage algorithmic actors, the Data Handle Agent
at process step 5 and the Expert Knowledge Agent at process step 6, which prepare and
support the final consultation. The Service Robot occupies a frontstage lane at process
steps 2, 3, and 5, with the human Consultant entering only at process step 6; the Remote
Sales Agent appears in a dedicated frontstage escalation lane, and the Remote Technical
Support Agent in a support role, both operationally inactive during routine autonomous
operation. The service dimensions layer records the artifact-and-environment substrate
of each process step: a registration terminal and the showroom entrance area at process
step 1, the physical showroom areas requested by the customer at process steps 2—4, and
a virtual-cloud and headquarters environment at the data-processing and consultation
process steps. This layering makes visible that embodiment in this case is physical and
spatially situated, not merely interfacial.

The blueprint differentiates three algorithmic actors. The frontstage Service Robot
appears in three distinct authority configurations across the service trajectory: delegated at
process step 2 (welcoming and predefined elicitation), autonomous at process step 3 (show-
room guidance, demonstration sequencing, route determination within the trained product
domain), and delegated at process step 5 (structured data handover). This step-dependent
variation in the same algorithmic actor is itself a representational finding, illustrating that
decision authority is more adequately modeled as a property of an actor at a specific process
step than as a fixed property of the actor. The backstage Data Handle Agent (process step 5)
operates with delegated authority within a predefined data-processing scope; the backstage
Expert Knowledge Agent (process step 6) operates in a collaborative configuration that
supports the Consultant through information retrieval, contextual analysis, and suggestion
generation, with final authority remaining with the human Consultant. Process step 3, in
particular, surfaces embodiment-specific risks—navigation safety, physical blocking, and
unforeseen obstacles—that do not arise in Cases 1 or 2 and constitute a representational
dimension that conventional service blueprinting cannot anchor at the process-step level.
Explainability is layered temporally: pre-encounter capability disclosure at process step 2,
in-encounter source attribution and human-agent option at process step 3, post-encounter
audit logs across process steps 5 and 6. Two conditional escalations (red dashed arrows)
operationalize DP4. At process steps 2 and 3, the Service Robot hands the interaction
over to a human when the customer is dissatisfied (“IF customer is dissatisfied”); at the
autonomous process step 3, it additionally does so when it cannot perform the requested
task (“IF robot cannot perform”). Both triggers lead to the same path: the robot connects
the customer through the remote communication system, an artifact, with the Remote Sales
Agent, who takes over the interaction. Technical issues at the registration terminal, by
contrast, are routed to the Remote Technical Support Agent through a regular support path.
Because the terminal is an artifact that holds no decision authority, this routing is not an
authority transition and is represented by a standard arrow. This escalation architecture
corresponds to the elevated, physically embodied authority of the robot at process step
3. The accountability fields differentiate the roles that answer for each actor: the Remote
Sales Agent during the encounter and showroom management for the configuration of the
Service Robot, the IT integrator responsible for company data and system integration for
the Data Handle Agent, and the Consultant for the Expert Knowledge Agent.
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Figure 7. Extended service blueprint for Case 3 (robotic showroom guidance; Service Robot delegated
at process steps 2 and 5 and autonomous at process step 3; physical embodiment; two conditional
escalations); as-is configuration.

6.6. Testable Proposition Evaluation

Following Gregor and Jones [15], a design theory entails testable propositions about
the artifacts built according to it. We formulate three propositions that correspond to the
evaluation criteria of this study (Table 9) and evaluate each against the three applications
presented in Sections 6.3-6.5. The evaluation is formative [63]: it rests on three config-
urations, and the informants who assessed the blueprints had also contributed to their
development (Section 6.2). Furthermore, Table 10 summarizes, for each proposition, the
number of informants and the types of evidence per case that support or qualify it.

Table 9. Testable propositions of the design theory.

o Unit of
Proposition Analysis Supported If Challenged If

P1 Representational adequacy. A
blueprint built according to DP1-DP5 can
express all algorithmic participation,
authority allocations, transitions, and
governance properties that stakeholders
consider relevant [87,90].

No relevant element is
missing or requires ad hoc
notation

Omissions, or elements
that fit no construct or
several

Case blueprint (as-is)

P2 Applicability. Actor status, authority
level, and transition type can be assigned
consistently at each process step across
different configurations.

P3 Interpretability. Stakeholders can
correctly read the governance-relevant
content of the blueprint and find it useful
for design-stage governance tasks.

Algorithmic actor at a
process step

Stakeholder

Classifications of
researchers and
informants agree

Content is paraphrased
correctly; concrete uses are
named

Disagreements arise from
ambiguous rules

Content is misread or
judged irrelevant or
overloaded
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P1—Representational adequacy. In all three applications, informants judged that the
blueprint represents the service as operated, and documents and observations matched
the represented configurations. In Case 1 (Section 6.3, Figure 5), the informant verified
the six-step structure, the placement of the algorithmic actor at process step 4, and the
frontstage-backstage separation; the data cycle from documented cases back into the vector
database was described as “particularly valuable to make visible, because that loop is
not obvious from the process logic alone and it has direct implications for the quality of
future suggestions” (Participant 2). In Case 2 (Section 6.4, Figure 6), the separation of
the frontstage Al Avatar from the backstage Request Optimizing Agent was considered
necessary, since the two are “genuinely different actors with different roles, different risks,
and different governance requirements” (Participant 4). In Case 3 (Section 6.5, Figure 7),
showing the Service Robot with different authority levels at different process steps was
judged to reflect “something that is genuinely true about how the service is designed and
experienced” (Participant 6). One qualification concerns Case 1: the blueprint does not
distinguish high-confidence from marginal retrieval results, which indicates a refinement
of the risk and explainability fields rather than a missing construct.

P2—Applicability. The classification rules could be applied to all computational en-
tities and to all nine pairs of algorithmic actor and process step in the three applications,
which cover three authority levels, three forms of embodiment, and frontstage as well
as backstage positions. The classifications were assigned by the research team and then
presented to the informants, who confirmed them without requesting any reclassification,
for example, for the assistive agent in Case 1—“The control engineer makes every con-
sequential decision throughout the service. The Al system does not decide anything on
its own” (Participant 1)—and for the AI Avatar’s bounded delegation in Case 2, which
was described as “operationally precise” (Participant 3). This evidence indicates that the
classifications assigned by the researcher were accepted by individuals most familiar with
the configurations. However, it does not constitute evidence of independent classification
or establish inter-rater reliability. Whether analysts who apply the rules independently
arrive at the same classifications remains to be tested (Section 7.3).

P3—Interpretability. Informants read the authority, risk, and explainability fields as
intended and named concrete uses. The risk fields were valued for “naming things that
are informally known” (Participant 2) and as “a basis for a more structured governance
conversation” (Participant 4); the escalation transitions in Case 3 were judged “opera-
tionally precise and immediately actionable for the remote agents who need to know when
they are supposed to engage” (Participant 6); three of six informants named onboard-
ing, auditing, or design review as uses. Interpretability decreased with configurational
complexity: the blueprint of Case 1 was judged most immediately readable, whereas the
blueprint of Case 3, with step-dependent authority and three algorithmic actors, required
accompanying orientation.

In sum, the evidence supports P1-P3 for the three configurations examined, with the
qualifications noted. Given the small number of cases and the informants’ involvement
in blueprint development, this evidence is preliminary and does not establish the general
validity of the propositions. Two further propositions follow from the theory but are not
evaluated in this study: that design teams using the artifact identify governance gaps earlier
and specify governance requirements more completely than with conventional service
blueprinting (P4, instrumental utility), and that DP1-DP5 can be realized in other host
modeling methods such as BPMN or customer journey mapping (P5, portability). Both
require summative evaluation (Section 7.3).
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Table 10. Evidence per proposition and case (number of supporting informants per case; for P2, num-
ber of informants who confirmed the researcher-assigned classifications; I = interview, D = documents,
O = observation).

Case 1 Case 2 Case 3

Proposition (Participants (Participants (Participants Qualifications
1and 2) 3 and 4) 5 and 6)

. Case 1: retrieval

P1 Representational 2/2;1,D 2/2;1,D,0 2/2;1,D,0 uncertainty not

adequacy
represented
P2 Applicability 2/2;1 2/2;1 2/2;1 none
Case 3 required
P3 Interpretability 2/2;1 2/2;1 2/2;1 orientation; uses named

by 3 of 6 informants

Three design opportunities surfaced through applying the framework. They are nor-
mative and derived from the representation rather than observed in the deployed services;
none of them is part of the as-is blueprints in Figures 5-7. First, retrieval-uncertainty
handling in Case 1: the blueprint does not yet distinguish high-confidence from marginal
retrieval situations, and an uncertainty indicator would make this governable rather than
dependent on individual engineer judgment. Second, the absence of a brief-quality feed-
back loop in Case 2: systematic miscapture in the avatar’s elicitation does not currently
inform system reconfiguration, and the disclosure design itself is underspecified relative
to the substantive governance significance it carries in a premium B2C context. Third, the
accountability interface between the human Consultant and the Expert Knowledge Agent
in Case 3’s collaborative configuration: the conditions under which human override of an
Al suggestion must be documented or justified are not yet operationalized—a governance
requirement specific to the collaborative authority level. These gaps are not defects of the
framework; that the representation made them visible suggests that its representational
scope is adequate to surface such design opportunities.

6.7. Cross-Configuration Patterns and Design Implications

Three patterns emerged from comparing the configurations. Because the cases differ
simultaneously in authority level, embodiment, industry, frontstage or backstage position,
customer exposure, and technological architecture, none of the patterns can be attributed
to a single factor. We therefore report them as exploratory observations and state the
cross-case patterns as emerging propositions for future testing.

(1) Authority varies across process steps within a single algorithmic actor. The primary
configurations differ in authority level—assistive (Case 1), delegated (Case 2), au-
tonomous (Case 3). More informative for modeling is the within-case observation in
Case 3, where the Service Robot holds delegated authority during elicitation (process
step 2), autonomous authority during showroom guidance (process step 3), and del-
egated authority during data handover (process step 5). In Case 1, by contrast, the
agent remains assistive throughout: “The control engineer makes every consequential
decision throughout the service. The Al system does not decide anything on its own”
(Participant 1). The Case 3 observation illustrates that decision authority is more
adequately modeled as an attribute of an actor at a specific process step than as a
fixed attribute of the actor—a distinction that the step-level authority field (DP3)
makes representable.

(2) Risk types appear to differ with embodiment. Case 1, without embodiment, shows
epistemic risks (database staleness, retrieval bias), procedural risks (anchoring on
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top-ranked results, overreliance on similarity scores), and input-side risks (depen-
dence on specification quality). Case 2, with avatar-based embodiment, addition-
ally shows relational risks related to the recognition of the interaction’s artificial
nature. Case 3, with physical embodiment, additionally shows safety-related risks—
navigation safety, physical blocking, unforeseen obstacles in shared customer space.
Since embodiment co-varies with industry, authority level, and customer exposure
in our sample, this pattern does not constitute evidence of an embodiment effect.
We state it as an emerging proposition. EP1: Holding authority level and service
context constant, physical embodiment of an algorithmic actor adds safety-related
risk types, and avatar-based embodiment adds relational risk types that are absent in
non-embodied configurations.

(38) Escalation architectures appear more elaborate at higher authority levels. Case
1 contains no escalation transition, Case 2 contains no authority transition during
elicitation (the customer can only switch off the avatar’s visual representation), and
Case 3 contains two conditional escalation pathways. Participant 5 related the elevated
authority of the robot to its escalation pathways and post-encounter logging, and
Participant 3 identified the missing conditional escalation in Case 2 as a design gap:
“the system does not recognize when it is out of its depth and route the customer
elsewhere [...] the deactivation option exists, but the customer has to actively use
it.” Two caveats apply. Three heterogeneous cases do not permit inferences about a
proportional relationship, and the pattern is partly design-endogenous, because DP5
prescribes escalation mechanisms only from collaborative authority upward. EP2:
The number and specificity of conditional escalation pathways required to keep an
algorithmic actor governable increase with its authority level; customer exposure and
embodiment moderate this relationship. Testing EP1 and EP2 requires designs that
vary authority and embodiment within the same service domain.

7. Discussion

The claims of this study rest on different types of evidence. The coherence between
the design theory and its instantiation is shown analytically (Section 5.3). That the theory
can be instantiated and applied is demonstrated for three configurations. Representational
adequacy, applicability, and interpretability (P1-P3) are supported by stakeholder percep-
tions, documents, and observations, which constitute preliminary, formative evidence. The
cross-case patterns are emerging propositions (EP1, EP2), and instrumental utility and
portability (P4, P5) are theoretical propositions; no outcome of using the artifact has been
empirically validated.

7.1. Implications for Theory

The theoretical contribution of this study is a design theory for modeling algorith-
mic actors in agentic service systems, comprising a four-level framework and five design
principles for materiality [16] that jointly specify what the artifact does and how it does
it [17]. Its theoretical implications speak primarily to information systems and, through the
service-system construct it formalizes [20,21], to the service-theoretic literature on which it
builds. Following Gregor and Jones [15], the design theory’s contribution is located at the
level of constructs and principles of form and function, with the expository instantiation in
Section 5 and the demonstration in Section 6 illustrating that these constructs and princi-
ples support the representation of agentic service phenomena across three purposefully
varied configurations.

A first implication concerns the conceptualization of agency in service-system theory.
Service systems have been conceptualized through interactions among value-co-creating

https://doi.org/10.3390/systems14101282


https://doi.org/10.3390/systems14101282

Systems 2026, 14, 1282

39 of 46

actors and resources [20,21], and conventional service blueprinting has formalized these
interactions through the frontstage-backstage architecture [4]. The literature, however,
treats service participants as either human actors or technical artifacts, leaving no repre-
sentational position for entities that act with delegated or autonomous authority while
remaining configurable, opaque, and accountability-bearing [1].

The introduced algorithmic actor construct (Level 2) addresses this representational
gap and operationalizes it in service-system terms. By specifying algorithmic actors as a
distinct representational category, assigned by role at a process step rather than as a subtype
of artifact or a digital surrogate of human agency, the framework extends the service-
system construct in a direction consistent with sociomaterial perspectives on distributed
agency [9,10], with research on delegation to agentic IS artifacts [12], and with recent work
on Al as a constitutive participant in organizational practice [43]. The contribution is
theoretical in the sense established by Gregor [14]: it provides constructs and relationships
that enable the representation and analysis of phenomena that prior conceptualizations
could not anchor.

A second implication concerns the representational requirements for those aspects of al-
gorithmic participation that are relevant to responsible Al governance. DP3 and DP5 jointly
anchor decision authority and stakeholder-differentiated explainability at the process-step
level, and DP4 specifies authority transitions as conditional, configurable elements of the
service architecture. These principles formalize representational requirements that the
conceptual-modeling literature establishes as preconditions for artifact-supported analy-
sis [90,93], but that conventional service-design approaches cannot meet for Al-mediated
services. The principles translate empirical concerns surfaced by recent IS research into
modeling constructs that can be inspected and revised within a service-design artifact:
shifting human-AI authority allocations [7,8], explainability as a stakeholder-relative re-
quirement [2,6,55], and the temporal dynamics of human—AlI control transitions. The impli-
cation is not that the framework solves these governance challenges, but that it supplies
the representational infrastructure within which they become amenable to design-stage
reasoning—addressing a gap that prior service-design research had left open.

A third implication is methodological-theoretical. The expository instantiation demon-
strates that the framework can be operationalized as a concrete extension of an established
service-design artifact rather than as a parallel notational system. This matters for IS
theorizing on the relationship between abstract design knowledge and applied modeling
artifacts [18]: it shows that mid-range design theories about modeling can be embodied in
artifact extensions that preserve the conventions of the established practice while adding
representational capacity in targeted ways. The five design principles could be imple-
mented within an established service-design approach and supported the representation of
three configurations that vary across the framework’s levels. This pairing of implementabil-
ity and applicability constitutes the level of theoretical evidence appropriate to a design
theory at the demonstrative stage and locates its contribution within the design-as-search
paradigm articulated by Hevner et al. [60].

What the present study shows is that the constructs and principles can be operational-
ized coherently and applied to three agentic service configurations; the evidence of their
adequacy is preliminary.

7.2. Implications for Practice

The framework and its design principles offer concrete value to organizations that
design, operate, or govern services in which algorithmic actors assume consequential roles.
Although the framework is introduced in this paper as an extension of service blueprinting,
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its architecture is intended to be adaptable to additional service-modeling methods that
encompass actors, process steps, and frontstage-backstage distinctions.

If the portability proposition (P5) holds, organizations that already work with customer
journey mapping, business process modeling, or proprietary service-design templates could
adopt the framework’s overlay—algorithmic actor differentiation, authority specification,
escalation transitions, stakeholder-differentiated governance—without abandoning their
established documentation conventions. Portability has not been demonstrated in this
study: the artifact developed here realizes the design principles in one host method, and
their realization in other methods remains to be shown.

In terms of organizational service design, service designers, product managers, and Al
implementation leads do not yet have a common vocabulary to clearly differentiate the roles
of algorithmic actors throughout the process steps of a service. The framework provides
this vocabulary at process-step granularity. The step-dependent authority differentiation
observed in Case 3—where the same algorithmic actor operates with delegated authority
at one process step and autonomous authority at another—illustrates a representational
distinction that is operationally consequential but typically invisible in conventional service
documentation. Making such distinctions explicit at the design stage allows mixed teams
(design, technical, legal, operations) to coordinate around a common artifact and surfaces
governance requirements early, when they are still inexpensive to address, rather than
retrospectively after operational incidents.

As organizations face increasing pressure to demonstrate responsible Al deployment—
internally to leadership and audit functions, externally to regulators and customers—the
framework supplies a structural response. DP3 anchors decision-authority specifications
that establish, on a per-step basis, which decisions an algorithmic actor is and is not autho-
rized to make. DP4 specifies the conditions under which authority transitions to human
actors and the form those transitions take. DP5 differentiates explainability requirements
by stakeholder, recognizing that customers, operators, management, and regulators have
qualitatively different information needs. Together, these principles address information
that governance frameworks such as the EU Al Act require to be documented: decision
authority, human oversight mechanisms, and explanation capabilities. The case-specific
blueprint can serve as a record of the governance architecture for internal reviewers and
external assessors; whether its use improves audit outcomes remains to be evaluated (P4).

The risk exposure construct surfaces configuration-specific exposures—epistemic,
relational, procedural, input-side, embodiment-related—that conventional service docu-
mentation cannot anchor at the level of the responsible algorithmic actor. The cases suggest
that risk profiles may differ with embodiment (EP1): physically embodied agents introduce
safety-relevant exposures absent in screen-mediated configurations, and avatar-mediated
agents introduce relational exposures absent in invisible backstage agents. For practitioners,
this means that risk assessment for Al-enabled services cannot be conducted from a generic
template; it must be configuration-sensitive, and the framework provides the structural
categories within which configuration-sensitive assessment becomes tractable.

The cases further suggest that higher authority levels may call for richer escalation
architectures (EP2); if confirmed, this has direct operational relevance. Organizations that
delegate consequential decisions to algorithmic actors without commensurate escalation
pathways accept governance gaps that surface, if at all, only in operational incidents. The
framework makes this relationship explicit at the design stage and supports practitioners
in specifying, for each level of delegated authority, the corresponding triggers, target actors,
and procedural responses required to maintain operational integrity. This is particularly
relevant in regulated service domains—healthcare, financial services, premium customer-
facing services—where governance gaps carry reputational and legal consequences.
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Finally, the framework’s value extends beyond service design proper. Al ethics
committees, internal audit functions, procurement teams evaluating Al-enabled service
vendors, and external auditors assessing Al deployments all benefit from a representational
artifact that makes the algorithmic actor’s role inspectable. The framework supplies this
artifact in a format that does not require deep technical Al expertise to interpret: process-
step granularity, established service-design conventions, and explicit governance fields. In
this sense, the framework’s practical contribution is not only to those who build services
but to those who must understand, oversee, and account for them.

7.3. Future Research and Limitations

Four limitations bound this study’s contribution and frame its forward research
agenda. First, the design theory is demonstrated and formatively evaluated in three
real-world configurations rather than tested summatively. As described in Section 6.6,
the cases provide preliminary evidence of representational adequacy, applicability, and
interpretability—but they do not test whether the design theory’s principles, when applied
at scale, measurably improve operational governance, design-stage decision quality, or
downstream service outcomes. A naturalistic, longitudinal evaluation in which organiza-
tions adopt the framework and outcomes are tracked over time would test the theory’s
instrumental claims at a level beyond what the present study attempts. This is a defining
task for future research and is consistent with the staged evaluation logic established in
DSR methodology [63,92]. The demonstration also covers only three of the four authority
levels as primary configurations; configurations in which collaborative authority is the
primary mode remain to be examined.

Second, the three cases differ simultaneously in authority level, embodiment, industry,
frontstage or backstage position, customer exposure, and technological complexity. Dif-
ferences in risk profiles and escalation architectures can therefore not be attributed to any
single factor, and the cross-case patterns are stated as emerging propositions (EP1, EP2)
rather than findings. Testing them requires matched designs that vary authority level and
embodiment within the same service domain—for example, the same first-contact service
delivered through a text-based agent, an avatar, and a physical robot, or the same agent
configured with delegated and autonomous authority.

Third, the evaluation interviews were conducted with two informants per case, pre-
dominantly in technical, operational, and managerial roles, who had also reviewed the
blueprints during their development; the material was coded by the first author and re-
viewed with a second researcher, but not independently replicated. Likewise, the actor,
authority, and transition classifications were assigned by the research team and confirmed
by the informants rather than assigned independently, so that the inter-rater reliability
of the classification rules has not yet been established. These constraints entail a risk of
confirmatory interpretation (Section 6.2). Customer-facing, regulatory, and other stake-
holder perspectives distal to the design function are represented only indirectly. Future
evaluations should involve stakeholders and evaluators who did not take part in construct-
ing the representation—particularly customers in configurations where Al disclosure has
implications for trust or consent, and regulators in domains subject to formal Al gover-
nance requirements. Independent classification of the same configurations by analysts not
involved in the study would, in addition, allow the reliability of the classification rules to
be assessed.

Fourth, the framework is instantiated through an extension of service blueprinting.
Although the design principles are formulated to be method-agnostic, the present study
demonstrates only one such instantiation. Translating the framework into alternative
modeling approaches—customer journey mapping, business process modeling notation,
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or proprietary service-design templates—would test the portability claim and surface
implementation-dependent constraints that a single-artifact demonstration cannot reveal.

Together, these limitations delineate the boundary between what this paper shows
and what remains to be evaluated. They specify the forward agenda for the design theory’s
continued development and empirical assessment.

8. Conclusions

This paper has developed a design theory for modeling algorithmic actors in agentic
service systems, comprising a four-level framework with operational classification rules,
five design principles for materiality, principles of implementation, and testable proposi-
tions. The theory addresses a representational gap in service-design research: conventional
service-design approaches provide no defined constructs for anchoring the governance-
relevant aspects of algorithmic participation—decision authority, authority transitions, risk
exposure, and stakeholder-differentiated explainability—at the process step where they
arise. Its contribution lies not in the notion of algorithmic agency, which prior research has
established, but in translating it into process-level modeling constructs, instantiated as an
extension of service blueprinting.

The study shows that the theory can be instantiated and applied to three real-world
configurations whose primary algorithmic actors hold assistive, delegated, and autonomous
authority. The formative evaluation, based on six informants, documents, and observations,
provides preliminary evidence of representational adequacy, applicability, and interpretabil-
ity for these configurations (P1-P3). The cross-case patterns concerning embodiment and
escalation are exploratory and are stated as emerging propositions (EP1, EP2). The study
does not show whether the artifact outperforms conventional service blueprinting or
improves governance quality, audit outcomes, or service performance (P4), whether its
principles can be realized in other modeling methods (P5), or how it performs in configu-
rations with primarily collaborative authority. These questions define the agenda for the
summative evaluation of the design theory.
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