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Abstract

The infusion of generative Al (GenAl) is already disrupting established services. This technology’s generative and agentic nature
challenges the design and management of service routines, which have been previously handled primarily by frontline service
employees. Guided by organizational routines theory, our longitudinal study (2020-2024) examines how the infusion of GenAl
changes routines in customer support services. We gathered interview data from 4| employees, managers, and Al experts in two
phases, pre- and post-GenAl. Based on the analysis of the qualitative data, we revealed seven recurring micro-level augmentation
patterns, illustrating how GenAl-infused service routines function. The results show that GenAl is primarily embedded in
the backstage of knowledge-intensive services, from which it then permeates the frontstage. We contribute to the literature
on hybrid human—Al service delivery by identifying augmentation patterns and conceptualizing service permeation via two
mechanisms: (|) simultaneous service permeation, which unfolds as employees leverage GenAl in real-time and integrate GenAl’s
responses, recommendations, and adaptations into the frontstage; (2) sequential service permeation, which emerges as employees
perform new routines of documentation and Al feeding to facilitate GenAl’s adaptability in frontstage and backstage operations.
The MAPs and service permeation mechanisms guide practitioners in integrating GenAl into service routines and managing novel
employee-GenAl collaborations.
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Introduction capabilities that clarify when and where Al technologies are
appropriate for performing specific tasks and substituting FSEs
(Huang and Rust 2018). This perspective further shifted to an
understanding of Al infusion as a continuum of substitution and
complementation (e.g., Lariviére et al. 2017; Marinova et al.
2017), which we refer to as augmentation of FSEs throughout
this study. We adopt the conceptualization of Baer, Waardenburg,
and Huysman (2025, p. 761), who define augmentation as the
process of “combining humans and Al into a complementary
system that exceeds the sum of its parts.” Scholars have identi-
fied multiple configurations of hybrid human—AlI service

Generative artificial intelligence (GenAl) is disrupting the ways
service providers deliver services to their customers (Ferraro
et al. 2024; Liu et al. 2024). At its core, GenAl refers to large-
scale Al models, such as large language models (LLMs), that
learn from vast data, can perform multiple tasks, and generate
human-like outputs (Liu et al. 2024). Tech giants are investing
heavily in GenAl-powered systems, with Microsoft alone
reaching a record $30 billion in quarterly spending (Reuters
2025), to shape the future of work. For instance, Microsoft’s
Copilot and ServiceNow’s Now Assist illustrate how GenAl
copilots complement frontline service employees (FSEs) by

collaboratively executing service routines, such as retrieving
knowledge, automating tasks, and coordinating human-human
interactions, thereby reconfiguring interactions across the ser-
vice frontstage and backstage (Microsoft 2024). Similarly,
Intercom’s Fin AI Copilot generates response recommenda-
tions, aiding FSEs in problem-solving and achieving a pro-
jected productivity increase of 31% (Intercom 2024).

Previous research has developed structured frameworks to
navigate the complexities of Al infusion, systematizing
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delivery in which Al augments either frontstage or backstage
activities (De Keyser et al. 2019; Mortati and Viana Mundstock
Freitas 2025), emphasizing a greater interaction between these
stages and a disruption of established service work (Bock,
Wolter, and Ferrell 2020; van Doorn et al. 2023).

Despite the aforementioned advancements in service
research, we still know little about how GenAl reshapes FSEs’
service routines, that is, the recurring patterns of actions through
which FSEs identify and resolve customer requests and thereby
deliver services (Das 2003; Pentland 1992). Archetypes and
typologies of hybrid human—Al service delivery (e.g., De
Keyser et al. 2019; Mortati and Viana Mundstock Freitas 2025)
contribute high-level views on how augmentation configures
human and Al roles and tasks. However, they provide only a
partial understanding of how the substitution—complementation
continuum unfolds (e.g., Baer, Waardenburg, and Huysman
2025; Marinova et al. 2017; Robinson et al. 2020), highlighting
the need for micro-level investigations into how augmentation
transforms service work. While prior literature acknowledges
that Al affects FSEs’ routines across frontstage and backstage,
and points to a growing interdependence between these stages
(Bock, Wolter, and Ferrell 2020; Mortati and Viana Mundstock
Freitas 2025), this interplay, and how human—AlI collaboration
translates into actual service delivery, require more granular
understanding and explanation.

Our study aims to refine the augmentation continuum of
substitution and complementation (De Keyser et al. 2019;
Huang and Rust 2018) and adopts a process-centric view to dis-
cern the impacts of GenAl along FSEs’ service routines and
across the service frontstage and backstage. We adopt the theo-
retical lens of organizational routines (Feldman and Pentland
2003; Gaskin et al. 2014) to examine recurring micro-level rep-
resentations of augmentation that shape and reflect evolving
GenAl-infused routines. This leads us to the following research
questions (RQs):

RQ1: What patterns of augmentation emerge from GenAl
infusion into service routines?

RQ?2: How do these augmentation patterns impact service
delivery (i.e., service frontstage and backstage)?

We conducted a longitudinal qualitative study (2020-2024)
of GenAl infusion in four customer support organizations,
drawing on 41 interviews with FSEs, managers, and GenAl
experts conducted before (pre-GenAl) and after (post-GenAl)
the emergence of GenAl technologies. Adapting a grounded
theory approach (Corbin and Strauss 1990), we analyzed the
influence of GenAl on service routines by examining problem-
solution pairs. Through selective coding, these pairs were
aggregated into seven micro-level augmentation patterns
(MAPs), representing recurring forms of effective problem-
solution combinations. The patterns show that GenAl enables
adaptive, knowledge-rich services by permeating insights
across frontstage and backstage, ensuring real-time

accessibility and co-creation of value. We conceptualized these
mechanisms as service permeation and identified two deriva-
tive mechanisms that explain how GenAl enables contextual-
ized services through our identified MAPs. First, when FSEs
follow GenAl advice during customer interactions, its recom-
mendations indirectly influence frontline delivery (simultane-
ous service permeation), as seen in continuously operating
copilots offering real-time support. Second, GenAl infusion
reconfigures routines as FSEs delegate to and supervise Al,
enabling frontstage automation and backstage augmentation,
thereby sequentially impacting service delivery (sequential ser-
vice permeation).

Our results contribute a process-centric and integrative view
of the emerging GenAl-infused service routines to the literature
on hybrid human—Al service delivery (e.g., Koponen et al.
2023; Mortati and Viana Mundstock Freitas 2025; Robinson
et al. 2020). The identified MAPs provide descriptive knowl-
edge on how and where GenAl is infused into services. Thereby,
our study refines the understanding of the continuum of substi-
tution and complementation (e.g., Baer, Waardenburg, and
Huysman 2025; Marinova et al. 2017). We extend prior research
by examining the processual changes and patterns that augment
service delivery—both at the service frontstage, the invisible
backstage, and the interactions in between (Bock, Wolter, and
Ferrell 2020; Liu et al. 2024). Furthermore, the resulting ser-
vice permeation mechanisms explain a closer coupling of ser-
vice frontstage and backstage along GenAl-infused service
routines (Hogreve, Iseke, and Derfuss 2022; Mortati and Viana
Mundstock Freitas 2025), as they highlight diverse FSE-GenAl
collaborations that uncover simultaneous and sequential mech-
anisms. Applying the derived MAPs enables practitioners to
leverage GenAl (Brynjolfsson, Li, and Raymond 2025) while
concurrently addressing implications for FSEs’ service routines
and the challenges of GenAl permeation within service
delivery.

Theoretical Background

Hybrid Human—Al Service Delivery

Al infusion has traditionally been seen as a means to automate
service delivery by replacing FSE tasks and directly influenc-
ing customer perceptions (Huang and Rust 2018; McLeay et al.
2021). However, in light of AI’s limitations and the demands of
personal, emotional, and knowledge-intensive service contexts,
the focus shifted from merely designing Al technologies for
customers to examining how FSEs and Al together form hybrid
human—AI service delivery (Table 1).

Recent research has advanced our understanding of the
hybrid nature of Al-infused service delivery by conceptualizing
how responsibilities are distributed between human and Al
actors through the analysis of configurations, archetypes, and
typologies (e.g., De Keyser et al. 2019; Koponen et al. 2023;
Larivicre et al. 2024). Advances in Al increasingly enable it to
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Table |. Streams of Literature on Hybrid Human—Al Service Delivery.

Field Focus

Key Contributions References

Configurations,
Archetypes, and
Typologies

Categorizes hybrid service .
encounters and human—Al
relationships, focusing on task

Introduces high-level structured
typologies of service encounters and
relational modes

Highlights implications for human work

e.g., De Keyser et al. 2019;
Huang and Rust 2018;
Koponen et al. 2023;
Marinova et al. 2017

given a continuum of substitution and
complementation.

and role distribution. °
Frontstage and Focuses on how Al enhances .
Backstage Al or substitutes human roles
Infusion visibly (frontstage) or .
invisibly (backstage) in service
processes.
GenAl-Infused Service Investigates how GenAl reshapes °

service routines and links
frontstage and backstage
activities. °

Routines

Offers a more granular view of where and
how Al supports human work.
Emphasizes the connection between
backstage and frontstage.

Extracts MAPs along service routines and
refines the substitution-complementation
continuum.

Identifies mechanisms of service

e.g.,, Bock, Wolter, and Ferrell
2020; Hogreve, Iseke, and
Derfuss 2022; Mortati and
Viana Mundstock Freitas
2025; van Doorn et al. 2023

This paper

permeation that show how GenAl
blurs the boundaries between front- and
backstage.

Note. GenAl =generative Al; MAPs=micro-level augmentation patterns.

take over diverse service roles, with distinctions such as
mechanical, thinking, and emotional intelligences informing
predictions about when AI may substitute FSEs (Huang and
Rust 2018). Building on these capability-based distinctions,
scholars have moved beyond the traditional human-to-human
encounter, uncovering a spectrum of configurations, from
Al-to-Al to blended human—AlI interactions (De Keyser et al.
2019). These evolving hybrid human—Al service encounters
underscore that Al is not a one-size-fits-all solution but varies
in its capacity to substitute or complement human work
(Marinova et al. 2017). The augmentation of service work can
thus be understood as a continuum of substitution and comple-
mentation, in which FSEs and AI perform service routines
either sequentially or simultaneously (Le et al. 2025).
Augmentation enables humans and Al to perform complemen-
tary or joint tasks and to co-produce the service (Blaurock,
Biittgen, and Schepers 2024), while implicitly reconfiguring
professional roles, positioning humans not just as service pro-
viders, but as collaborators, coordinators, or differentiators
(Koponen et al. 2023; Lariviere et al. 2017). For example, Al
systems engage FSEs by proactively asking for input and feed-
back (Blaurock, Biittgen, and Schepers 2024). Despite these
contributions, the literature on hybrid human—AlI service deliv-
ery remains predominantly conceptual, leaving key questions
unanswered about micro-level implications and the dynamics
along the substitution-complementation continuum in Al-driven
augmentation.

Ongoing research has also aimed to unpack human—Al
hybrids by examining how Al systems enhance or substitute
human roles, both visibly on the frontstage and invisibly in the
backstage of service processes (e.g., Bock, Wolter, and Ferrell
2020; Mortati and Viana Mundstock Freitas 2025; van Doorn

et al. 2023). Building on a service design perspective, Mortati
and Viana Mundstock Freitas (2025) conceptualize Al as a
technology that co-creates value and copilots service delivery
with both users and machines across frontstage and backstage
environments. This stream offers a more granular view of how
Al supports human work (Liu et al. 2024), showing that the
infusion of Al reshapes traditional boundaries between the
frontstage and backstage (e.g., Mortati and Viana Mundstock
Freitas 2025; Robinson et al. 2020). For example, customers
may misattribute Al-generated responses to humans, resulting
in counterfeit encounters and ambiguous role expectations
(Robinson et al. 2020). In light of this, adequate Al support at
the backstage (e.g., decision-support tools) critically impacts
the quality of frontstage interactions, reinforcing their interde-
pendence as articulated in the Al-mediated service-profit chain
(Chen, Hsieh, and Chan 2024; Hogreve, Iseke, and Derfuss
2022). While the link between service frontstage and backstage
is acknowledged, the influence of emerging Al technologies,
such as GenAl, on this connection remains underexplored.

At the same time, growing interest in the technological capa-
bilities of GenAl models (Ferraro et al. 2024; Liu et al. 2024)
has highlighted their potential to alter how humans and Al
interact in service delivery (Brynjolfsson, Li, and Raymond
2025). Given the ability to understand natural language and
generate text, GenAl systems (e.g., Microsoft Copilot, SAP
Joule) exhibit a higher level of agency (Chen, Hsieh, and Chan
2024; Le et al. 2025), challenging the prior insights on how FSE
and Al work together along service processes and the way these
systems are embedded into the service routines. Against this
backdrop, the rise of GenAl introduces a new layer of complex-
ity. Technologies such as LLMs not only extend the functional
boundaries of Al in service contexts but also generate
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paradoxical dynamics, being perceived as both highly capable
and vulnerable (e.g., prone to hallucinations and biases) and as
offering personalization while raising concerns about intrusive-
ness (Ferraro et al. 2024; Liu et al. 2024). Recent advancements
in agentic Al further accelerate these developments, as Al sys-
tems increasingly exhibit autonomy and enhanced capabilities
in reasoning and learning, enabling them to leverage a wide
array of enterprise tools (Acharya, Kuppan, and Divya 2025).

Despite growing interest in hybrid human—Al service deliv-
ery, our understanding of how GenAl influences FSEs’ tasks
and their relationships with Al, beyond a dyadic view of substi-
tution or complementation toward joint enactment, remains
limited. Similarly, while distinctions between frontstage and
backstage domains exist, the interplay introduced by Al across
these layers is only beginning to be understood. As GenAl tech-
nologies are being infused in service delivery, this study exam-
ines their influence on service delivery by analyzing how they
reconfigure routines across the frontstage, backstage, and their
intersections.

Organizational Routines in Service Delivery

Organizational routines in service delivery provide a theoretical
foundation for analyzing the augmentation of service work.
Routines are behavioral patterns of actions performed repeat-
edly to achieve a specific goal (Pentland and Heerem 2015).
Research on organizational routines examines how they are
constituted and reinforced over time (Feldman and Pentland
2003). In general, the routinization of service tasks is crucial for
increasing efficiency and reducing cognitive effort (Lemken
and Rowe 2020). For example, frontline work in call center
environments is frequently described as highly routinized,
designed to efficiently manage the high volume of incoming
calls (Malhotra et al. 2013). Within the realm of customer sup-
port services, two overarching organizational routines predomi-
nate: problem identification and problem solving. Pentland
(1992) was among the first to examine call center agents’ work
through the lens of organizational routines, focusing on prob-
lem identification and allocation activities such as assigning,
referring, transferring, and escalating. Das (2003) extended this
view by investigating problem-solving routines. Accordingly,
solving problems can be summarized as multiple steps of locat-
ing, adapting, and generating solutions.

While early research on organizational routines emphasized
their stability, later work on routine dynamics focused on how
routines evolve and adapt to changing environments (Feldman
and Pentland 2003). Deeply intertwined with their context, rou-
tines both shape and are shaped by it, while technologies like
GenAl act as powerful exogenous forces influencing their
enactment (Murray, Rhymer, and Sirmon 2021). Efforts to pro-
vide a more detailed understanding of Al technology use in rou-
tines often focus on augmentation as a feature of the infused
technology itself, rather than as a function of the service rou-
tines where this augmentation occurs (e.g., Blaurock, Biittgen,

and Schepers 2024; Murray, Rhymer, and Sirmon 2021).
However, human actors and material aspects of technology
become interconnected within the service routines (Gaskin
etal. 2014), calling for an investigation of FSEs’ GenAl-infused
patterns of actions and the dynamics of these socio-material
ensembles in performing service routines and the resulting
blurred boundaries of backstage and frontstage activities.

The organizational routines lens helps reveal how FSEs and
GenAl interact at the micro level, co-performing tasks and
shifting responsibilities between frontstage and backstage
work. It allows us to move beyond high-level categories and to
develop a more refined understanding of hybrid service deliv-
ery. This grounding motivates our study of how GenAl infusion
constitutes augmentation patterns (RQ/) and their impact on
frontstage and backstage service routines (RQ2). We address
the gap in understanding how GenAl affects service delivery by
uncovering augmentation patterns along the substitution-com-
plementation continuum.

Methodological Approach

We employed a qualitative research approach grounded in
extensive empirical data from the field of technical customer
support services. By covering both predictive and generative Al
phases, our longitudinal study setup (2020-2024) traces the
shift from traditional Al to emerging and advancing GenAl
solutions and their implications for service delivery. We con-
ducted 41 semi-structured interviews with FSEs, managers, and
GenAl experts to explore actual work practices and anticipated
changes across pre- and post-GenAl phases. This approach is
suited to capturing the evolving dynamics of GenAl infusion—
how service routines, roles, and responsibilities emerge over
time. Finally, we followed an adapted grounded theory approach
(Corbin and Strauss 1990), combining inductive coding with
abductive reasoning, to iteratively develop MAPs and identify
service permeation mechanisms. An overview of our method-
ological design is presented in Table 2.

Sample Description

Our qualitative investigation explored the realm of technical
support work and IT Service Management (ITSM) as a subfield
of general customer support, a field that has been extensively
studied within the longstanding body of research on organiza-
tional routines (e.g., Das 2003; Pentland 1992). When issues
arise with digital technologies, customers reach out to frontline
service providers through various channels to resolve their
technical problems. To reflect the field’s heterogeneity, we
drew data from four organizations spanning diverse service
channels, IT products, customer types, and B2B and B2C con-
texts. Detailed descriptions of the four organizations are avail-
able in Web Appendix 1. Our empirical study is part of an
overarching research project that develops advanced analytics
and ticketing solutions to store and manage incoming and
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Table 2. Overview of Our Methodological Approach.

Phase Collection Analysis Purpose

(1) First interview Semi-structured interviews e Open coding to obtain requirements and  Identifying Al requirements and
series (Pre- with FSEs, service expectations. expectations, categorizing insights by
GenAl; 2020- managers, and Al experts e Axial coding to categorize issues related routines, and addressing challenges with
2021) (n=21). to routines. predictive Al systems.

(2) In-between Informants (n,, = 16) participated in a research project involving co-creation
and testing of Al solutions through two workshops and 14 focus group
sessions. The protocols of the sessions were not part of the data analysis.

The interview guidelines and approach to analyzing the data within the second

series were informed by the results from the first interview series.

(3) Abductive
approach

(4) Second interview  Semi-structured interviews e Open coding to obtain GenAl-related
series (Post- with FSEs, service solutions and new expectations.
GenAl; 2023- managers, and Al experts e Axial coding to categorize solutions
2024) (n=20). related to routines.

(5) Pattern analysis Both data sets and e Additional axial coding to map problems

codebooks from interview
series | and interview

series 2 were merged °
(n=41).

and solutions into 23 problem-solution

pairs.

Selective coding results in seven micro-

level patterns of augmentation (MAP).

e Categorization of the patterns according
to the service frontstage and backstage
and identification of permeation
mechanisms.

Familiarizing informants with Al and
GenAl systems.

Building on the initial series and linking
the pre- and post-GenAl phases.

Identifying resolutions and anticipated
changes that emerged with GenAl.

(1) Identifying recurring representations
of effective problem-solution pairs that
enable beneficial infusion of GenAl
and constitute the evolving routines
along the GenAl-infused service
delivery process.

(2) Identifying mechanisms explaining
the impact of GenAl and the closer

coupling of backstage and frontstage.

Note. GenAl =generative Al; FSE =frontline service employee.

historical customer requests and interactions. The larger project
aimed to design a holistic hybrid intelligence system with dis-
tinct modules to support FSEs through Al in a human-centered
manner. The iterative development process allowed participants
to gain practical experience over time, which informed their
responses during the data collection phase.

Data Collection

To collect empirical data, we conducted semi-structured inter-
views with FSEs, managers, and Al experts, aiming to triangu-
late views on the underlying routines, the overarching service
delivery process, and the associated technical changes. This
approach allowed flexible and in-depth discussions with the
informants and enabled us to detail their subjective perspec-
tives (Ritchie, Lewis, and Elam 2013). Organizational routines
informed the design of the interview guidelines in terms of
addressing the problem identification and problem-solving
stages (Das 2003; Pentland 1992). To examine differences in
infusing predictive vs. generative Al into frontstage and back-
stage service delivery, we conducted two interview series: pre-
GenAl and post-GenAl. Between the two interview series, we
held workshops and focus groups with researchers and a devel-
opment team to co-design and test GenAl solutions for aug-
menting customer service routines. Conducting interviews with
the same individuals at different points in time provided insights
into how their perceptions and experiences of Al tools evolved,
particularly in response to the emergence of GenAl.

The pre-GenAI series (2020-2021), involving 21 voluntary
participants, focused on identifying issues and requirements
related to service routines and predictive Al. Furthermore, the
first series provided knowledge of the original service routines
without any Al. The post-GenAl series (2023-2024) involved
20 voluntary participants and explored GenAl solutions.
Following an abductive approach, we refined the second inter-
view series based on insights from the first, adding example
prompts and an introduction to GenAl and LLMs. Each inter-
view lasted an average of 45 minutes. We conducted the inter-
views online, recorded the audio, and transcribed the files
accordingly. Data collection ceased upon reaching theoretical
saturation, meaning that subsequent interviews confirmed ear-
lier findings and yielded no new insights (Corbin and Strauss
2015). Interview questions, interviewee backgrounds, and an
overview of the workshops and focus groups are available in
Web Appendix 2.

Data Analysis

We analyzed the collected interviews through an adapted
grounded theory approach following Corbin and Strauss (1990).
To deepen our understanding of service routines in light of
GenAl, we employed an abductive research design to not only
inform our interview guidelines but also to reflect the data of
both series (Pemer 2021). We iteratively moved between emerg-
ing patterns in the data and analytical lenses offered by service
routine literature (Das 2003; Pentland 1992). Our approach
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prioritized intensive group discussions and consensus-building
through an iterative process of comparing and integrating codes
and categories, rather than relying solely on quantitative mea-
sures of intercoder reliability (Berente et al. 2011). The codes
and categories were discussed with the entire research team, par-
ticularly on three occasions: after the first series, after the second
series, and during the analysis of the problem-solution pairs and
patterns of augmentation. To address the widely recognized
challenge of overcoming preconceptions in qualitative data
analysis (Charmaz 2014), we later incorporated an impartial co-
author into our research team.

In the first interview series spanning 2020 to 2021, we
employed open and axial coding to extract requirements and
categorize issues (Corbin and Strauss 1990). First, we used an
open coding strategy to understand FSEs’ and managers’ view-
points and experiences with Al, drawing on the interviewees’
empirical statements (Corbin and Strauss 2015). As we gath-
ered data before GenAl was adopted, the analysis focused on
broader Al applications. Afterward, we applied axial coding to
categorize the data into recurring issues related to service rou-
tines. This step was pivotal in identifying the foundational
problems concerning existing service routines and aggregating
expectations regarding the use of Al. Subsequently, we further
categorized these concepts according to the service routine lit-
erature following our abductive approach.

Analogously, we analyzed the second interview series con-
ducted in 2023 and 2024 by adopting the above-mentioned
qualitative approach. However, the analysis of this series
focused on coding solutions that emerged with GenAl. This
phase was instrumental in delineating solutions from GenAl
applications and attaching them to the identified issues.
Accordingly, the interview guidelines and the approach to ana-
lyzing the data were informed by the results of the first inter-
view series, in line with our abductive design. Again, we coded
the interviewees’ statements and mapped the codes to the given
routines during an open and axial coding phase. At this stage,
we again re-engaged with the literature on service routines to
interpret and categorize emerging patterns. Our abductive strat-
egy guided the refinement of our coding scheme throughout
both interview series. For example, as we encountered recur-
ring accounts of documentation work and Al input preparation,
we conceptualized a new routine category: documentation and
Al feeding. The resulting data structures are available in Web
Appendix 3. The data analysis was intertwined across the two
series. A shared coding scheme was used by two coders and
refined by the entire research team iteratively by comparing
codes and categories constantly and across both series (Charmaz
2014).

Then, we employed an additional axial coding phase to map
the solutions to the corresponding issues. Web Appendix 4
illustrates this mapping along the service routines. Following
Berente et al. (2011), we performed selective coding to link and
interpret the derived problem-solution pairs and, ultimately, to
discern MAPs. To analyze the MAPs within the context of

service delivery, we added additional dimensions and organized
the evolved patterns according to the service frontstage and
backstage (Mortati and Viana Mundstock Freitas 2025). We
examined the interplay between the service frontstage and
backstage through the identified MAPs to account for GenAl’s
impact on service delivery and theorizing mechanisms. In line
with Henfridsson and Bygstad (2013), we define mechanisms
as the underlying causal structures that explain how and why
phenomena unfold. In our context, mechanisms are the genera-
tive processes through which GenAl permeates service deliv-
ery, and by abstracting from the empirically grounded MAPs,
we conceptualize two higher-order service permeation mecha-
nisms that explain how GenAl reshapes the coupling of human
and Al activities across frontstage and backstage domains.

Findings

Our analysis uncovers seven aggregated MAPs that capture the
evolving GenAl-infused service routines throughout the service
delivery process. Building on these patterns, we propose ser-
vice permeation mechanisms that explicate how GenAl bridges
backstage and frontstage activities and reconfigures the dynam-
ics of hybrid human—Al service delivery.

Micro-Level Augmentation Patterns

Through the aggregation of multiple micro-level problem-solu-
tion pairs that represent various forms of augmentation through
GenAl-infusion, seven overarching patterns of augmentation
on a continuum of substitution and complementation emerged:
triaging and solving simple customer requests (MAP-1), sum-
marizing and handing over requests (MAP-2), copiloting the
identification and resolution of requests (MAP-3), matching
knowledge and experts (MAP-4), guiding and sustaining ser-
vice delivery (MAP-5), enhancing service dialogues (MAP-6),
and crafting knowledge and training data (MAP-7). Each MAP
aggregates reusable approaches to achieve specific augmenta-
tion goals. Table 3 presents excerpts of each MAP, including
goals and problem-solution pairs. Pairs and patterns that
emerged in the GenAl phase are marked with an asterisk. In
addition, it offers illustrative future research questions for each
MAP. A comprehensive MAP overview in Web Appendix 5 fur-
ther details the roles of GenAl and FSEs, as well as key techno-
logical aspects, including retrieval-augmented generation
(RAG) and model fine-tuning for classification tasks.

Triaging and Solving Customer Requests (MAP-1). MAP-1 centers
on the initial phase of service delivery, where FSEs tradition-
ally invest substantial time in qualifying support requests, iden-
tifying customer needs, and referring to standardized responses.
In GenAl-infused service settings, customers first interact with
GenAl systems that handle simple, repetitive inquiries. GenAl
automates processing these routine requests, thereby relieving
FSEs of repetitive tasks and allowing them to focus on more
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complex cases. In this way, the pattern reflects a partial substi-
tution of initial frontline tasks while also triggering the escala-
tion and forwarding of critical issues to human experts. Given
the current volume of customer requests, FSEs view service
frontstage substitution as an opportunity rather than a threat to
their jobs. Hence, dividing labor between FSEs and GenAl in
terms of partially automating service delivery refers to a key
leverage of augmentation (Jia et al. 2024). However, the over-
arching premise that Al primarily handles straightforward, less
complex tasks remains valid even in the era of GenAl. FSEs’
responsibilities shift to taking care of ambiguous and complex
requests which GenAl cannot handle, as this Al expert com-
mented: “/ think service tickets can be relatively well automated
so that support agents only take on an approval role: ‘Does this
fit or not?”’[. . .] This could simplify and process many repeti-
tive tasks. However, when it comes to incident detection, it gets
more challenging [. . .] because users often cannot describe
exactly what the problem is—here, the role of the support agent
remains important.” (Interview 2.02).

An essential routine in this initial part of the service delivery
process is to create tickets, which involve collecting customer
information and documenting service requests. Technological
advances in LLMs further enhance the ability to clarify incom-
plete and partially ambiguous requests. As this interviewee
explained, “If the bot can narrow it down directly with one or
two questions, like you said, when the customer says Wi-Fi, it
could simply ask again: Internet, and in what way? Only land-
line or something like that. [. . .] The questions could still be
asked to clarify the issue further.” (Interview 2.14). Even
though MAP-1 describes the partial substitution of service rou-
tines (Murray, Rhymer, and Sirmon 2021) and highlights the
gradual replacement of specific tasks (Huang and Rust 2018),
FSEs perceive GenAl-based self-service systems as coworkers
doing the groundwork that supports FSEs in subsequent human-
to-human interactions.

Summarizing and Handing Over Requests (MAP-2). After initial
contact and throughout service delivery, FSEs are required to
document information and summarize the actions taken and
conversations held. These documentation activities are essen-
tial not only for referring, transferring, or escalating requests to
colleagues but also for retaining and institutionalizing service
knowledge. The findings demonstrate GenAl’s potential to sub-
stitute summarization and ticket handoffs, providing customers
and FSEs with comprehensive, coherent problem and resolu-
tion descriptions. By tracking conversations and gathering all
customer-related data, GenAl systems with high agency create
summaries that serve as a foundation for FSEs to craft impact-
ful moments of truth. Thus, MAP-2 goes beyond simply sum-
marizing the latest interactions. As one interviewee explained,
“One could consider having the Al automatically identify and
summarize the important information in a longer conversation
or extensive history. [. . .] This way, the next support agent
would have a better starting point.” (Interview 2.02).

Handovers between GenAl systems and FSEs represent new
forms of sequential coordination and orchestration between the
service backstage and service frontstage (Le et al. 2025). In the
long term, useful summaries and derived solution templates are
reintegrated into GenAl systems, once again permeating the
service backstage. Efficient summaries and additional contex-
tual information (e.g., customer sentiment) are more critical
than in pre-GenAl services, as FSEs are typically responsible
for managing chatbot service outages and preventing negative
customer experiences (Le et al. 2025). For example, the deci-
sion to escalate a ticket requires a deep understanding of the
issue’s complexity and the FSE’s capability to resolve it. Hence,
FSEs must verify and refine summaries and handovers, high-
lighting MAP-2’s dual nature as both substitution and comple-
mentation. This selected support agent commentary illustrates
the challenges in this decision-making process and the chal-
lenge of handing over information: “Ifit was an escalation that
has been ongoing for a while [. . .], then you always have to be
able to trace it back from the beginning. That means you have
to search the entire customer file [. . .] listen to the customers
problem again, which they have probably already repeated sev-
eral times, and if you still don t know what to do, you can only
ask the customer for patience.” (Interview 2.13).

Copiloting the Identification and Resolution of Requests (MAP-3).
When addressing complex customer issues handed over by a
GenAl-based self-service system or another FSE, employees
require contextual support such as knowledge sources or pre-
formulated responses. Our analysis shows that GenAl comple-
ments these routines during real-time service delivery,
enhancing FSEs’ ability to understand and resolve complex
issues. This pattern reflects the simultaneous, synergistic col-
laboration between humans and GenAl, in which backstage
GenAl permeates frontstage customer interactions through its
use by FSEs. By comparing pre-GenAl and post-GenAI solu-
tions, we identified this pattern as emerging, highlighting the
increased agency of GenAl models. GenAl systems—such as
the previously mentioned Fin Al copilot or Microsoft’s copi-
lot—are attributed with a greater level of agency (Le et al.
2025), which allows them to follow the conversations dynami-
cally, prepare next best actions, and thereby possess greater
autonomy in terms of developing protocols (i.e., instructions)
(Murray, Rhymer, and Sirmon 2021). Although these copilots
remain invisible to the customer, their recommendations are
permeating through the actions of the FSEs: “You could actively
engage in a dialogue with generative AIl: ‘What do you need to
find a solution?’ or ‘What steps are missing?’ [. . .] The Al
could create a roadmap to guide agents through the problem-
solving process and serve as a source of inspiration for poten-
tial additional approaches.” (Interview 2.02).

The frustration with current search inefficiencies under-
scores GenAl’s potential to change traditional search para-
digms, providing relevant results even from inadequately
documented sources and ambiguous queries: “/. . .] I definitely
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see challenges in searching for individual topics. That is, most
of the time, it is saved under a different synonym. [. . .] it [is]
perhaps sometimes written with a space or something. Just
small details that can result in not being able to find what one
is searching for.” (Interview 2.12). GenAl infusion introduces
advanced approaches like prompt engineering and retrieval-
augmented generation for accessing and customizing solutions:
“The challenge is that many technical documents are written in
a way that neither first-level support nor users can understand
[. . .] Al could support the translation or matching so that first-
level agents, or ideally even the users themselves, immediately
receive the correct answer in a form they can understand.”
(Interview 2.03). In particular, GenAl systems should help
identify a termination point at which locating, adapting, and
generating solutions have been fully exhausted. GenAl can
determine where FSEs reach their limits and are urged to end
frontstage interactions: “You want to help and sometimes spend
hours on a solution that ultimately doesn t work. [. . .] If some-
one could say, You can't solve this, it requires special permis-
sions, " that would be really helpful. It would significantly boost
efficiency and prevent disappointment on both sides.” (Interview
2.03).

Matching Knowledge and Experts (MAP-4). Matching knowledge
and experts to problems (MAP-4) has been discussed before
GenAl and focuses on providing FSEs with access to contextu-
alized knowledge and expert consultations. This approach helps
them address specific service requests, particularly when trans-
ferring or escalating complex problems. The routines of allocat-
ing customer requests to the appropriate departments or experts
are yet a critical field: “So far, we have also had a lot of people
who have been contacted personally, so you really just have to
look for experts, and that has been difficult, and we still have
challenges in one place or another” (Interview 2.07). Service
organizations primarily consist of multiple layers of workers
(i.e., first-, second-, and third-level support) with diverse distri-
butions of capabilities, knowledge, and skills (Kim, Krishnan,
and Argote 2012), so that knowledge is dispersed across and
within departments, making it challenging to identify knowl-
edgeable colleagues. In larger help-desk structures, this is often
amplified by the high number of categories and hierarchical
sub-categories. In smaller organizations (such as SMEs),
knowledge management is decentralized. With the increasing
complexity and the heterogeneity of topics and requests, GenAl
is expected to substitute the identification of knowledge sources
and experts to enable FSEs to focus on problem-solving: “In the
past, it was clear which person was responsible for a specific
topic. [. . .] Today, we no longer know these responsibilities. AI
could help by automatically searching the relevant data sources
and suggesting the correct routing, instead of shuffling tickets
back and forth.” (Interview 2.03)

FSEs express dissatisfaction when they are unable to outline
next steps or guide the customer, often having to defer the inter-
action. The following expert comments highlight a sense of

inefficacy and frustration when tickets are not directed cor-
rectly: “Because you feel as if you haven t done a good job, even
though you actually did everything right. Simply because there
often isnt the possibility to forward customers to the right
department” (Interview 2.13). GenAl’s ability to analyze large
amounts of unstructured data and aggregate the knowledge
offers potential for identifying connections between categories
and topics, as well as extracting expert profiles: “You could
essentially take all the tickets handled by an agent and say,
‘Hey, create a profile based on all the tickets the agent has
worked on throughout their career.’[. . .] This could then serve
as a basis for matching categories with incoming tickets.”
(Interview 2.09).

Guiding and Sustaining Service Delivery (MAP-5). Traditionally,
guiding and sustaining service delivery requires FSEs to follow
prescribed service processes while ensuring high-quality cus-
tomer interactions. This involves knowing when and how to
collect customer information, adapting responses to customers’
prior knowledge and emotional states, and documenting the
interactions accordingly. MAP-5 augments this process by
leveraging GenAl’s capability to observe both ongoing and past
service interactions. Unlike predictive Al, which relies on static
protocols, GenAl dynamically develops and adjusts guidance
for FSEs (Murray, Rhymer, and Sirmon 2021). This enables
FSEs to perform their routines adaptively rather than adhering
to rigid procedures, ensuring that service delivery remains both
personalized and efficient. As one interviewee explained,
“Some customers require very detailed instructions, while oth-
ers are fine with a brief explanation. [. . .] [The Al] could
adjust the level of the solution based on the customer's exper-
tise—even providing screenshots or detailed click-by-click
guidance if necessary.” (Interview 2.02). Furthermore, GenAl
is providing FSEs with contextual information to serve custom-
ers most efficiently. This includes analyzing customers’ senti-
ments, emotions, and past behavior. GenAl-based coaches can
complement FSEs to handle stressful situations better (Henkel
et al. 2020; Luo et al. 2021). In this way, GenAl becomes an
integral part of performing feeling tasks, with emerging tech-
nologies exerting an even greater influence on these service
routines. Once again, the results highlight the complementary
role of GenAl in tasks that demand emotional intelligence:
“ChatGPT can help formulate responses that are both stylisti-
cally and contextually appropriate. It could be used, for
instance, to analyze the customer s sentiment, such as whether
they are angry or frustrated. Based on this, the system could
adjust its response accordingly, both in terms of tone and con-
tent.” (Interview 2.01).

Enhancing Service Dialogues (MAP-6). Solving customer prob-
lems during service delivery involves two key routines: adapt-
ing and translating existing solutions, and crafting entirely new
ones. In these interactions, FSEs may lack advanced communi-
cation or language skills to convey solutions effectively. MAP-6
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augments these routines by equipping FSEs with GenAl sys-
tems that enhance the efficiency and effectiveness of service
dialogues. GenAl supports translating technical expertise into
clear, context-sensitive communication, shifting interactions
away from one-size-fits-all responses toward highly individual-
ized solutions. This ensures that customer communication is
not only accurate but also stylistically and contextually appro-
priate. The adaptability of GenAl in altering the technical depth
of solutions based on the customer’s understanding or require-
ments demonstrates a sophisticated level of customer-centric
problem-solving and adaptation of solutions: “I/t always
depends, but now let’s say we don t necessarily provide the cus-
tomer with all the information in the last detail, just as much as
is interesting for him, I could also understand that we make it a
bit more technical for the solution documentation.” (Interview
2.03). In text-based service interactions via mail or chat, GenAl
is increasingly complementing humans’ writing skills. This
shifts the focus from communication skills to thinking skills.

Analogically, GenAl’s impact extends to creating and gener-
ating solutions, where it synthesizes information from a multi-
tude of past interactions and data sources to offer novel
solutions. Especially in terms of response style and structure,
FSEs can leverage GenAl’s strengths: “So, language has two
perspectives, and I would say that is a little bit of form and
content. . . ChatGPT is simply very good in terms of form, that
is to say, it depicts words and forms, structures meaningful sen-
tences [. . .], whereas you really hardly notice that there is not
a person sitting there.” (Interview 2.01).

Crafting Knowledge and Training Data (MAP-7). Documenting
interactions, retaining knowledge, and feeding Al systems by
crafting and curating training data have emerged as critical rou-
tines in service delivery. Traditionally, FSEs are responsible for
capturing and structuring the knowledge gained during problem
resolution. However, they often hesitate to fully document their
solutions due to three key obstacles: a lack of motivation, lim-
ited time, and the absence of standardized documentation tem-
plates. MAP-7 augments these routines by leveraging GenAl to
reduce the operational burden of documentation. GenAl assists
FSEs in capturing and structuring knowledge more intuitively
and with less effort, while simultaneously curating training data
to improve Al systems. In this way, GenAl complements FSEs
by overcoming documentation barriers and fostering the con-
tinuous enrichment of both organizational and Al knowledge
bases: “Yes, the editorial effort is quite high. So, when some-
thing new comes in or a change is made, our knowledge man-
agers look at it, does it fit, is everything structured, is it
understandable and so on—the Al can definitely support that.”
(Interview 2.03). This perspective envisions GenAl as a partner
that can consolidate vast amounts of information; some of it
may seem excessive to FSEs, but it can be crucial in specific
contexts, thus enriching the knowledge pool. The potential for
GenAl to assist in summarizing interactions and ensuring criti-
cal information is noted by a support agent: “One could [. . .]

make a brief summary of the conversation [. . .] for instance,
when one has to pass on manual tickets, also including the most
important information in them. Also, if something is overlooked,
one could check back and think: ‘Hey, I haven't written that
down yet’.” (Interview 2.17).

Service Permeation Mechanisms

The MAPs show that augmentation unfolds throughout the ser-
vice delivery process (i.e., influencing multiple service rou-
tines) and across service frontstage and backstage (i.e., various
interaction points involving FSEs and customers). While some
of the patterns indicate the remaining distinction and transitions
between frontstage and backstage via the line of visibility (e.g.,
MAP-1, MAP-2), the majority of patterns highlight the increas-
ingly permeable boundaries between frontstage and backstage
service routines due to the infusion of GenAl (post-GenAl),
which distinguishes it from predictive Al (pre-GenAl). They
illustrate how GenAlI’s influence unfolds in frontstage service
delivery by augmenting FSEs via the service backend, shaping
how employees engage with and act on GenAl advice. At the
same time, its capabilities are simultaneously reinforced
through backstage data flows and continuous feedback. We
account for these impacts by identifying and conceptualizing
the underlying mechanisms of service permeation.

We propose service permeation as the mechanisms of GenAl
infusion across FSEs’ service routines through the identified
MAPs, enabling contextualized and adaptive services. It posits
that GenAl s impact, whether through next-best actions, contex-
tualized information, or summaries, is primarily generated in
the service backstage but extends into the service frontstage
through the line of visibility. Once permeated, GenAl-generated
knowledge remains accessible and adaptable through LLMs
and real-time interactions, ensuring its continuous generative
potential for delivering contextualized service. These service
permeation mechanisms are self-reinforcing (Henfridsson and
Bygstad 2013), meaning they recursively feed themselves
through feedback and learning loops involving FSEs and
GenAl. Although the initial impact arises directly from the
infusion of GenAl, the loops and self-reinforcing effects lead to
continuous intensification and permeation. As a result, the
mechanisms are cyclical, as the effect also operates in the oppo-
site direction from the frontstage to the backstage. For example,
generated resolutions might feed back into the underlying train-
ing data or define GenAl’s contextual memory. In addition, ser-
vice permeation mechanisms are composites. We follow the
analogy of permeation in the physical sciences (Barrer 1941),
which spans three interconnected mechanisms (Figure 1). (1)
Sorption involves aggregating and contextualizing structured,
unstructured, and multimodal data from both backstage (e.g.,
knowledge bases, transcripts) and frontstage (e.g., customer
inputs, emotional cues) sources to enable GenAl augmentation.
(2) Diffusion captures the internal integration and transforma-
tion of this knowledge, where GenAl and FSEs co-create value.
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Figure 1. The mechanisms of GenAl service permeation.
Note. GenAl =generative Al.

It unfolds simultaneously (real-time GenAl support during cus-
tomer interactions) and sequentially (FSE-guided refinement of
GenAl capabilities over time) through the patterns of augmen-
tation. (3) Desorption reflects the outward delivery of service,
where GenAl-infused knowledge reaches the customer through
either FSE-facilitated interactions or Al systems.

Figure 2 depicts the MAPs across service routines and their
positioning in the frontstage and backstage, separated by the
line of visibility. The logic of this framework begins with
understanding the underlying service routines, proceeds to
identifying and implementing problem—solution pairs that
constitute the MAPs, and ultimately translates the impact of
GenAl on the service delivery journey at the frontstage
through the mechanisms of service permeation. The arrows
indicate how the patterns and resulting services permeate ser-
vice delivery. According to our systematization of the MAPs
and our concept of service permeation, we found two recur-
ring instances of service permeation mechanisms: simultane-
ous service permeation, where GenAl systems operate in
real-time to deliver actionable insights to FSEs, which perme-
ate to the frontstage interactions with customers offered by the
FSEs; and sequential service permeation, where FSEs, in col-
laboration with GenAl, curate and refine Al training data to

improve its autonomous problem-solving capabilities and
GenAl’s flexibility. The latter also illustrates how prior front-
stage activities, such as handling recurring customer issues,
are increasingly absorbed into backstage functions through
emerging routines of documentation and Al feeding. At the
same time, information from the service frontstage is fed back
into the GenAl systems, as indicated by the bidirectional
arrow (see MAP2 and MAP7).

Simultaneous Service Permeation Mechanism. The service back-
stage represents the focal point of GenAl’s greatest potential to
impact the customer experience. While prior research has
emphasized the Al frontstage (e.g., self-service, chatbots)
(McLeay et al. 2021; Schepers et al. 2022), our results fore-
ground the design of human—AlI collaborations to leverage con-
textualization and service adaptation. Accordingly, the
GenAl-infused service backstage enables the frontstage of ser-
vice delivery (Chen, Hsieh, and Chan 2024; Hogreve, Iseke,
and Derfuss 2022), with GenAl becoming part of the moments
of truth in which customers interact with FSEs and services are
realized and delivered. The mechanism of simultaneous service
permeation involves augmenting FSEs’ routines through the
use of GenAl in real-time service delivery.
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The results emphasize GenAl’s role in simultaneously assist-
ing FSEs with decision-making and problem-solving: “That
means any help an agent can get from us, such as receiving
information pre-processed, pre-searched, and pre-prepared
when the ticket is assigned to them, is immensely valuable.”
(Interview 2.06). For example, MAP-3 aims to improve the
efficiency and accuracy of resolution during interactions
between FSEs and customers. MAP-4 delves into refining
knowledge matching through GenAl tools that integrate deci-
sion support to provide real-time recommendations (Subramani
et al. 2021). Complementing these advancements, MAP-5 syn-
thesizes GenAl’s role in coaching and monitoring service deliv-
ery, offering tailored solutions and customization options based
on customer sentiment and emotions. These insights advance
understanding of simultaneous service delivery between FSEs
and GenAl in service interactions, as well as the emerging role
of agentic technologies in shaping service protocols (Murray,
Rhymer, and Sirmon 2021). The interconnectedness of FSEs
and GenAl highlights a shift toward more interactive and adap-
tive service configurations, in which GenAl-generated advice is
permeating into the service frontstage: “/ took some sample
tickets from us and simply changed the ticket description [. . .]
And then an email was sent directly to the customer, without me
having asked for it. Even though I can't technically assess
whether everything in there is correct, I thought it sounded very
good” (Interview 2.07).

Typically, service organizations aim to address GenAl’s lim-
itations (e.g., hallucinations, lack of transparency) by having
FSEs in control. However, GenAl-infused services face the

challenge of FSEs’ overreliance on GenAl’s advice, driven by
LLMs’ highly persuasive conversational capabilities, with
ChatGPT serving as a notable example. Although FSEs interact
with customers, GenAl’s backstage activities continuously spill
into frontstage service interactions and influence customer
experiences (e.g., by customizing writing styles and providing
emotional support). Thus, initial backstage GenAl usage can
indirectly influence the critical moments of truth in service
interactions. Hence, service organizations must ensure human
control and agency through novel mechanisms of human—Al
collaboration: “As soon as we use large language models in
real-time and send over actual customer data, the value
increases dramatically because we can do things that were pre-
viously impossible. [. . .] At the same time, you take on a sig-
nificant risk because the responses are no longer as deterministic
as we are used to.” (Interview 2.08)

Sequential Service Permeation Mechanism. Sequential service
permeation is characterized by the sequential delegation of
tasks from FSEs to GenAl. It involves the indirect transfer of
backstage knowledge and information into frontstage customer
experiences, as exemplified by training self-service chatbots to
enhance service interactions. Both automating service front-
stage tasks (e.g., MAP-1, MAP-2) and augmenting service
backstage processes (e.g., MAP-3, MAP-4) through GenAl
depend on the quality of the underlying knowledge, data, and
technological advancements. Hence, to enable sequential ser-
vice permeation, a documentation and Al-feeding routine
emerged to provide knowledge and data to GenAl and other
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FSEs, in which prior frontstage activities are absorbed into
backstage routines. As a result of this mechanism and the
emerging routines, FSEs employ implicit and hidden influence
over service interactions performed by GenAl systems or by
hybrids of FSEs and GenAl systems. This creates a cycle where
past service interactions paired with the knowledge and adjust-
ments of FSEs and GenAl influence and shape future GenAl-
infused service interactions: “If a solution is found, the
information should feed back into the Al so that it knows for
next time: This is the solution we’ve already applied for two
customers. Maybe it took ten loops with the customer this time,
but next time it can go straight through.” (Interview 2.05).

Emerging documentation and Al-feeding routines involve
preparing training data, while GenAl supports knowledge
retention by synthesizing data from multiple sources and sum-
marizing relevant ticket documentation (MAP-2). Moreover,
GenAl’s capability extends to improving existing documenta-
tion by identifying and suggesting enhancements to low-quality
tickets, prompting FSEs to complete missing information: ““/
imagine having new content, inputting it, and then letting the Al
handle the rest. Of course, you have to ensure no nonsense or
inaccuracies creep in, so correctness is maintained, but that
becomes more of a maintenance task rather than creation.”
(Interview 2.11). FSEs are augmented when crafting knowl-
edge base articles and training data (MAP-7), leveraging GenAl
to facilitate knowledge transfer and reduce data maintenance
effort. This collaborative workflow enhances knowledge reten-
tion and reinforces FSEs’ ownership of the underlying data.
Sequential service permeation also involves providing feed-
back and correcting inaccuracies to improve both customer-
facing GenAl and its backstage infusion through the MAPs.
Together, MAP-2 and MAP-7 act as a catalyst for the continu-
ous learning and adaptation of GenAl models and services.
Overall, FSEs’ routines have expanded to include supporting
GenAl systems behind the scenes, complementing their tradi-
tional frontline service and customer interaction duties.

Discussion

As service delivery is increasingly being performed by both
FSEs and GenAl, forming hybrid human—AlI service teams (Le
et al. 2025; Liu et al. 2024; Mortati and Viana Mundstock
Freitas 2025), our study advocates for a micro-level, process-
centric view of GenAl infusion by investigating service rou-
tines. Although the automation of FSE routines is crucial for
managing high volumes of customer inquiries, practice and
research must explore how to align humans and Al on a dynamic
continuum of substitution and complementation (e.g., Blaurock,
Biittgen, and Schepers 2024; Koponen et al. 2023; Marinova
et al. 2017). Based on a longitudinal qualitative study involving
41 interviews, we provide empirically grounded implications
for understanding GenAl’s impact on service routines, address-
ing both the service frontstage and backstage, as well as the
mechanisms that link them (Bock, Wolter, and Ferrell 2020;
van Doorn et al. 2023).

In response to RQ1, which explored the patterns of augmen-
tation emerging through GenAl infusion, we identified seven
MAPs mapped to stages of the customer service delivery pro-
cess. In line with the literature on Al infusion, the patterns illus-
trate augmentation as a dynamic continuum of substitution and
complementation (Baer, Waardenburg, and Huysman 2025;
Marinova et al. 2017), but also refine the prior understanding
by explaining how GenAl impacts the underlying service rou-
tines. Although self-services (e.g., chatbots, voice bots) are
evolving into primary contact points for customers (McLeay
et al. 2021), the findings show that GenAl infusion influences
existing service routines at the service frontstage through its
application in the service backstage (Hogreve, Isecke, and
Derfuss 2022; Mortati and Viana Mundstock Freitas 2025). In
this way, multiple configurations between FSEs and GenAl
systems go unnoticed by customers. However, given the higher
level of agency of GenAl and the ability of LLMs to provide
frontstage-ready recommendations (Le et al. 2025; Liu et al.
2024), GenAl permeates the frontstage via the FSE-GenAl
collaboration.

As part of answering RQ2, which asks how augmentation
patterns impact frontstage and backstage service delivery, our
study introduces the mechanisms of service permeation. By
capturing multimodal data from both the service’s frontstage
and backstage, GenAl enables contextualized, adaptive ser-
vices. For example, when guiding service delivery through
GenAl-based coaches (MAP-5), GenAl permeates the moments
of truth through close collaboration with FSEs, who handle the
actual service delivery. In terms of boundary conditions, this
mechanism of simultaneous service permeation is especially
relevant for high-touch, complex interactions that demand real-
time decision support. It is most effective when customer
requests are highly uncertain or variable, requiring adaptive
responses beyond static protocols. Delivering such adaptive
responses relies on the availability of real-time data streams,
such as sentiment analysis and historical context, that allow
GenAl to tailor its guidance. However, the persuasive nature of
GenAl outputs and the risk of hallucinations necessitate strong
human oversight. Thus, a key contingency for simultaneous
service permeation is achieving appropriate reliance, balancing
trust in GenAl advice with control to prevent overreliance. Our
analysis also reveals emerging service routines related to docu-
mentation and Al feeding. To enhance GenAlI’s flexibility at the
service frontstage, FSEs act as domain experts, delegating tasks
to Al while retaining knowledge for future use. This process
represents sequential service permeation, in which FSEs indi-
rectly influence customer experiences and service quality by
contributing to GenAlI’s knowledge base as part of a value co-
creation process. Regarding its boundary conditions, sequential
service permeation is most effective when driven by strong FSE
motivation and supported by standardized templates or dedi-
cated documentation assistance. Although GenAl augmenta-
tion (MAP-7) reduces these barriers, it does not eliminate them.
Sequential service permeation is most effective in standardiz-
able, knowledge-intensive tasks. However, both mechanisms
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rely on high-quality, well-integrated data sources, as GenAl’s
generative nature may otherwise produce inaccurate or non-
compliant outcomes.

Theoretical Implications

Our study makes two main theoretical contributions to the lit-
erature on hybrid human—Al service delivery (e.g., De Keyser
etal. 2019; Marinova et al. 2017; Mortati and Viana Mundstock
Freitas 2025). First, the seven empirically grounded MAPs
refine the view of augmentation as a continuum of substitution
and complementation by providing an integrative lens on the
processual changes shaping service delivery across frontstage,
backstage, and their intersections (Baer, Waardenburg, and
Huysman 2025; Marinova et al. 2017). As a complement to
high-level typologies and archetypes of service delivery (De
Keyser et al. 2019; Huang and Rust 2018; Koponen et al. 2023),
we provide a routine-level and process-centric perspective on
augmentation and the configurations of human—AlI hybrids. As
such, our study is an important account for organizational rou-
tines theory (Feldman and Pentland 2003) as we demonstrate
how this theory facilitates the exploration of augmentation and
its implications for FSEs’ routines. The MAPs make explicit
how routines shift from being performed primarily by FSEs to
being part of a GenAl-infused service delivery process. Notably,
GenAl augmentation does not follow a singular or uniform pat-
tern (Henkel et al. 2020; Jia et al. 2024). Instead, it gives rise to
multiple, evolving augmentation configurations throughout the
service delivery process. Some MAPs predominantly reflect
task substitution (e.g., MAP-1, MAP-2), whereas others cap-
ture complementary forms of augmentation that enhance rather
than replace human work (e.g., MAP-3, MAP-5, MAP-6).
Consequently, FSEs must continuously adapt to these shifting
configurations of human-GenAl collaboration, challenging
assumptions of predictable or standardized support (Liu et al.
2024).

Second, we empirically demonstrate that GenAl fosters a
closer coupling between service backstage and frontstage,
driven by two self-reinforcing service permeation mechanisms
that enable the delivery of contextualized and highly adaptive
services. Thereby, we not only complement prior studies in
identifying Al’s impact in specific frontstage and backstage
routines (Bock, Wolter, and Ferrell 2020; Mortati and Viana
Mundstock Freitas 2025; Robinson et al. 2020), but also explain
the mechanisms through which GenAl permeates services.
Service permeation is reflected in mechanisms for simultane-
ous service permeation (e.g., copilots or GenAl-based coaches)
and sequential service permeation (e.g., supervising Al systems
or curation of training data). These propositions help explain
the interplay between the service backstage and frontstage (i.c.,
service-profit chain) by highlighting that service experience is
increasingly shaped not only by FSEs, but also by GenAl mod-
els, their underlying training data, and the contextual

information they utilize (Chen, Hsich, and Chan 2024; Hogreve,
Iseke, and Derfuss 2022; Knote et al. 2020). We show that
through GenAl infusion, the service delivery lifecycle and prior
model of organizational routines in customer support services
(Das 2003; Pentland 1992) is being expanded by a new type of
service routine, termed documentation and Al feeding. New
routines evolve for supervising, prompting, and feeding GenAl
systems, through which FSEs indirectly influence service
delivery. This introduces new FSE responsibilities and adds
backstage tasks to core FSE delivery duties (Huang and Rust
2018; Wirtz et al. 2018). Despite limited attention to managing
GenAl systems and data in service contexts, our study provides
a foundation for examining sequential service permeation and
its manifestations in routines and augmentation patterns.

Managerial Implications

Our research has important implications for service organiza-
tions, managers, and designers aiming to harness the potential
of GenAl in customer support and beyond. By introducing
MAPs and the mechanisms of service permeation, we provide
actionable guidance for integrating GenAl into both frontstage
and backstage service routines and managing the continuum of
substitution and complementation. Service leaders should
design GenAl deployment strategies that emphasize backstage
utility while preserving the human touch and controlling qual-
ity in customer-facing interactions. Our findings indicate that
GenAl delivers contextual value when applied to backstage
functions such as summarizing tickets (MAP-2), copiloting
decision support (MAP-3), or coaching FSEs during service
delivery (MAP-5). Managers should move beyond viewing
GenAl as just an automation tool and recognize it as an active
service actor, one that collaborates with FSEs in real time, sup-
ports decision-making, and continuously enhances service rou-
tines through knowledge sharing. With greater autonomy,
agentic Al is likely to combine and amplify these patterns,
enabling more sophisticated orchestration of GenAl-augmented
service routines. Thus, MAPs not only offer a lens for under-
standing current GenAl-infused services but also serve as a
foundation for designing and improving future autonomous
agents and multi-agent systems, ensuring their continued rele-
vance in increasingly agentic service contexts.

With its generative and agentic traits, GenAl blurs the bound-
aries between the service frontstage and backstage, a phenome-
non we conceptualize as service permeation. Managing this
permeation requires balancing augmentation benefits with
human oversight and acknowledging the duality of GenAl’s
impact (Ferraro et al. 2024). On the one hand, GenAl systems
can produce highly persuasive yet hallucinated outputs, height-
ening the risk of overreliance during simultaneous service per-
meation. To mitigate such risks, firms should establish guardrails,
including escalation thresholds, transparency protocols, and
explanation cues, across autonomous chatbots (MAP-1) and
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collaborative copilots (MAP-3). Practitioners must also ensure
that FSEs critically engage with GenAl recommendations and
continuously refine models and data (MAP-7). Conversely,
GenAl can itself function as a guardrail by identifying inconsis-
tencies (MAP-5) or inappropriate communication (MAP-6) that
might otherwise escape human attention (Henkel et al. 2020;
Luo et al. 2021). For example, MAP-7 enhances documentation
and data quality, fostering knowledge transfer and model
improvement. Managers should therefore regularly assess the
extent and quality of service permeation across the delivery pro-
cess to detect infusion gaps and guide strategic adjustments that
sustain human accountability and service excellence.

As service permeation becomes a critical driver of service
performance, organizations should invest in workforce develop-
ment initiatives that equip FSEs to collaborate effectively with
GenAl systems. Decision-making by GenAl systems, and their
reliance on curated frontline data, leads FSEs to take on expanded
roles as co-creators and knowledge curators (Li et al. 2024). This
includes developing judgment on when to act on or override Al
recommendations and establishing routines for documenting,
annotating, and refining service knowledge, practices that drive
sequential service permeation and support continuous system
learning. While our findings suggest that GenAl increasingly
augments interpersonal communication and emotional expres-
sion (e.g., Brynjolfsson, Li, and Raymond 2025; Henkel et al.
2020), the skill demands for FSEs are evolving. Greater empha-
sis is now placed on domain knowledge and technical proficiency
to ensure accurate service delivery. In addition, competencies
such as Al literacy, context engineering, and prompt engineering
are becoming essential for effectively managing and leveraging
GenAl-infused services (Knoth et al. 2024). In conclusion, ser-
vice organizations must equip FSEs with the skills to manage,
guide, and improve GenAl interactions.

Limitations

While our study provides valuable contributions to the litera-
ture and practice, certain limitations must be acknowledged. A
key limitation of this study is its empirical scope, as it focuses
on four organizations within a single industry. While our
approach followed qualitative research criteria for reliability
and validity, the sampling limits the generalizability of the find-
ings. In particular, we focused on technical customer requests,
a sector promising the potential of GenAl infusion. Broadening
the scope of this research to include various customer service
domains, such as sales, general non-technical customer care,
and contact centers, would shed light on the adaptability of
GenAl-augmented service practices. Moreover, despite the
variety of service organizations, digital services, and service
channels, the derived patterns are not exhaustive. Our study’s
reliance on qualitative data and subjective perspectives intro-
duces an inherent bias, and the small number of Al experts con-
sulted may not fully represent the field. For example, our
interviews did not explicitly address multi-agent systems and

agentic Al (Acharya, Kuppan, and Divya 2025), which only
began to emerge and gain relevance for scaling GenAl infusion
after our second interview series. Nevertheless, we argue that
the identified MAPs are not made obsolete by technological
progress. Instead, they capture fundamental augmentation log-
ics that remain relevant as agentic Al evolves.

Finally, the timing of our first interview series, conducted
during the COVID-19 pandemic, might have influenced the
results, as the pandemic temporarily increased demand for sup-
port. However, according to a recent survey by McKinsey
(2024), it appears that the heightened demand for customer
requests has persisted despite the end of the pandemic and the
use of chatbots. Although we only took into consideration the
current state-of-the-art GenAl models (i.e., GPT-4)
(2023-2024) and might be challenged by new technological
breakthroughs (e.g., Al agents, agentic Al, and multi-agent sys-
tems) (Acharya, Kuppan, and Divya 2025; Pan et al. 2025), our
results offer other researchers a basis for managing future
emerging technologies.

Avenues for Future Research

Our contributed empirical foundation, comprising the MAPs
and the mechanisms of service permeation, provides a basis for
guiding future research on hybrid human—AlI service delivery.
Future research should conduct an in-depth exploration of spe-
cific problem-solution pairs and augmentation patterns, espe-
cially with a focus on assessing their practical effectiveness
across different service settings. Each MAP offers a separate
avenue for future research, illustrated by the exemplary research
questions in Table 3. A promising area involves the analysis of
prompts formulated by FSEs. Such research could comprise
collecting, categorizing, and evaluating these prompts and
recurring prompt patterns. This approach would deepen under-
standing of FSE—-GenAl collaboration and contextualize the
MAPs and emerging routines.

Furthermore, service permeation and the two identified
mechanisms open promising avenues for future research and
call for deeper empirical and theoretical exploration. First,
future work should advance the theoretical understanding of
service permeation itself by examining its underlying dynam-
ics, boundary conditions, and long-term implications. This
includes exploring how GenAl-driven information diffusion
unfolds across the service frontstage and backstage, and how
this reshapes routines, roles, and value co-creation. Second,
researchers should investigate the distinct mechanisms of
simultaneous and sequential service permeation. While simul-
taneous service permeation emphasizes real-time augmentation
of FSEs through GenAl recommendations, sequential service
permeation highlights iterative learning and knowledge transfer
over time. Understanding when and how these mechanisms
emerge and interact can offer deeper insights into human—Al
hybrids. Third, we encourage exploring Al delegation systems
as a conceptual extension of the sequential service permeation
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mechanism. This includes examining how responsibilities and
tasks are distributed, escalated, or retained between GenAl sys-
tems and FSEs, how delegation impacts trust and control in ser-
vice interactions, and how these arrangements configure agency
(Bartelheimer et al. 2025). Fourth, further research is needed
on the customer-facing implications of permeation, particularly
how GenAl-generated language, decisions, and emotional cues
permeate frontstage interactions and influence customer per-
ceptions. Finally, future studies should analyze how service
design and governance structures can adapt to facilitate the
compliant and valuable permeation of services, ensuring the
responsible deployment of GenAl while enabling continuous
learning and human oversight throughout the service system.

In sum, our study provides a process-centric foundation for
understanding how GenAl augments FSEs’ service routines,
offering empirically grounded patterns and mechanisms that
future research can build upon.

Declaration of Conflicting Interests

The authors declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The authors disclosed receipt of the following financial support for the
research, authorship, and/or publication of this article: This research
was funded by the German Federal Ministry of Education and Research
(BMBF) and supervised by PTKA (Project HISS, 02K 18D060).

ORCID iDs

Philipp Reinhard https://orcid.org/0000-0003-3207-666X
Mahei Manhai Li https://orcid.org/0000-0002-7171-9130
Christoph Peters (=) https://orcid.org/0000-0001-8140-1516

Andreas Janson https://orcid.org/0000-0003-3149-0340

Jan Marco Leimeister https://orcid.org/0000-0002-1990-2894

Supplemental Material

Supplemental material for this article is available online.

References

Acharya, Deepak B., Karthigeyan Kuppan, and B. Divya (2025),
“Agentic Al: Autonomous Intelligence for Complex Goals - a
Comprehensive Survey,” I[EEE Access, 13, 18912-36.

Baer, In¢s, Lauren Waardenburg, and Marleen Huysman (2025),
“What Is Augmented? A Meta-Narrative Review of Al-Based
Augmentation,” Journal of the Association for Information
Systems, 26 (3), 760-98.

Barrer, Richard M. (1941), Diffussion in and through Solids, Cambridge,
UK: University Press.

Bartelheimer, Christian, Daniel Heinz, Sarah Honigsberg, Dominik
Siemon, Mahei M. Li, Timo Strohmann, Jens Poeppelbuss, and
Christoph Peters (2025), “Conceptualizing Hybrid Intelligent
Service Ecosystems,” Electronic Markets, 35 (1), 63.

Berente, Nicholas, Sean Hansen, Jacqueline C. Pike, and Patrick J.
Bateman (2011), “Arguing the Value of Virtual Worlds: Patterns
of Discursive Sensemaking of an Innovative Technology,” MIS
Quarterly, 35 (3), 685-709.

Blaurock, Marah, Marion Biittgen, and Jeroen Schepers (2024),
“Designing Collaborative Intelligence Systems for Employee-Al
Service Co-Production,” Journal of Service Research, 28 (4), 544—
62.

Bock, Dora E., Jeremy S. Wolter, and O. C. Ferrell (2020), “Artificial
Intelligence: Disrupting What We Know About Services,” Journal
of Services Marketing, 34 (3), 317-34.

Brynjolfsson, Erik, Danielle Li, and Lindsey Raymond (2025),
“Generative Al at Work,” The Quarterly Journal of Economics,
140 (2), 889-942.

Charmaz, Kathy (2014), Constructing Grounded Theory: A Practical
Guide Through Qualitative Analysis, 2nd ed. Thousand Oaks,
CA: Sage Publications.

Chen, Liwei, J. J. Hsieh, and Kimmy W. Chan (2024), “Techno-
Service-Profit Chain: The Impacts of IoT-Enabled Algorithmic
Customer Service Systems from an Interdisciplinary Perspective,”
MIS Quarterly, 48 (3), 1077-120.

Corbin, Juliet and Anselm Strauss (2015), Basics of Qualitative
Research: Techniques and Procedures for Developing Grounded
Theory, 4th ed. Los Angeles, CA: Sage Publications.

Corbin, Juliet M. and Anselm Strauss (1990), “Grounded Theory
Research:  Procedures, Canons, and Evaluative Criteria,”
Qualitative Sociology, 13 (1), 3-21.

Das, Amit (2003), “Knowledge and Productivity in Technical Support
Work,” Management Science, 49 (4), 416-31.

De Keyser, Arne de, Sarah Kocher, Linda Alkire, Cédric Verbeeck, and
Jay Kandampully (2019), “Frontline Service Technology Infusion:
Conceptual Archetypes and Future Research Directions,” Journal
of Service Management, 30 (1), 156-83.

Feldman, Martha S. and Brian T. Pentland (2003), “Reconceptualizing
Organizational Routines as a Source of Flexibility and Change,”
Administrative Science Quarterly, 48 (1), 94-118.

Ferraro, Carla, Vlad Demsar, Sean Sands, Mariluz Restrepo, and Colin
Campbell (2024), “The Paradoxes of Generative Al-Enabled
Customer Service: A Guide for Managers,” Business Horizons,
67 (5), 549-59.

Gaskin, James, Nicholas Berente, Kalle Lyytinen, and Youngjin Yoo
(2014), “Toward Generalizable Sociomaterial Inquiry,” MIS
Quarterly, 38 (3), 849-912.

Henfridsson, Ola and Bendik Bygstad (2013), “The Generative
Mechanisms of Digital Infrastructure Evolution,” MIS Quarterly,
37 (3),907-31.

Henkel, Alexander P., Stefano Bromuri, Deniz Iren, and Visara Urovi
(2020), “Half Human, Half Machine — Augmenting Service
Employees with Al for Interpersonal Emotion Regulation,”
Journal of Service Management, 31 (2), 247-65.

Hogreve, Jens, Anja Iseke, and Klaus Derfuss (2022), “The Service-
Profit Chain: Reflections, Revisions, and Reimaginations,”
Journal of Service Research, 25 (3), 460-77.

Huang, Ming-Hui and Roland T. Rust (2018), “Artificial Intelligence
in Service,” Journal of Service Research, 21 (2), 155-72.

Intercom (2024), “Increase Agent Efficiency by 31% with Fin Al
Copilot,” (accessed February 20, 2025), (available at: https://
www.intercom.com/blog/announcing-fin-ai-copilot/).


https://orcid.org/0000-0003-3207-666X
https://orcid.org/0000-0002-7171-9130
https://orcid.org/0000-0001-8140-1516
https://orcid.org/0000-0003-3149-0340
https://orcid.org/0000-0002-1990-2894
https://www.intercom.com/blog/announcing-fin-ai-copilot/
https://www.intercom.com/blog/announcing-fin-ai-copilot/

Reinhard et al.

17

Jia, Nan, Xueming Luo, Zheng Fang, and Chengcheng Liao (2024),
“When and How Artificial Intelligence Augments Employee
Creativity,” Academy of Management Journal, 67 (1), 5-32.

Kim, Youngsoo, Ramayya Krishnan, and Linda Argote (2012), “The
Learning Curve of IT Knowledge Workers in a Computing Call
Center,” Information Systems Research, 23 (3-part-2), 88§7-902.

Knote, Robin, Andreas Janson, Matthias Sollner, and Jan M. Leimeister
(2020), “Value Co-Creation in Smart Services: A Functional
Affordances Perspective on Smart Personal Assistants,” Journal
of the Association for Information Systems, 2020, 418-58.

Knoth, Nils, Antonia Tolzin, Andreas Janson, and Jan M. Leimeister
(2024), “Al Literacy and Its Implications for Prompt Engineering
Strategies,” Computers and Education: Artificial Intelligence, 6,
100225.

Koponen, Jonna, Saara Julkunen, Anne Laajalahti, Marianna Turunen,
and Brian Spitzberg (2023), “Work Characteristics Needed by
Middle Managers When Leading Al-Integrated Service Teams,”
Journal of Service Research, 28 (1), 168—85.

Lariviére, Bart, David Bowen, Tor W. Andreassen, Werner Kunz,
Nancy J. Sirianni, Chris Voss, Nancy V. Wiinderlich, and Arne
de Keyser (2017), ““Service Encounter 2.0’: An Investigation into
the Roles of Technology, Employees and Customers,” Journal of
Business Research, 79, 238-46.

Lariviere, Bart, Katrien Verleye, Arne de Keyser, Klaas Koerten, and
Alexander L. Schmidt (2024), “The Service Robot Customer
Experience (SR-CX): A Matter of Al Intelligences and Customer
Service Goals,” Journal of Service Research, 28 (1), 35-56.

Le, Khanh B. Q., Laszlo Sajtos, Werner H. Kunz, and Karen V.
Fernandez (2025), “The Future of Work: Understanding the
Effectiveness of Collaboration Between Human and Digital
Employees in Service,” Journal of Service Research, 28 (1),
186-205.

Lemken, Russell K. and William J. Rowe (2020), “Unpacking the
Efficacy of Organizational Routines in the Financial Services
Industry,” Journal of Services Marketing, 34 (5), 735-47.

Li, Mahei M., Philipp Reinhard, Christoph Peters, Sarah Oeste-Reiss,
and Jan M. Leimeister (2024), “A Value Co-Creation Perspective
on Data Labeling in Hybrid Intelligence Systems: A Design
Study,” Information Systems, 120, 102311.

Liu, Stephanie Q., Khadija A. Vakeel, Nicholas A. Smith, Roya
S. Alavipour, Chunhao Wei, and Jochen Wirtz (2024), “Al
Concierge in the Customer Journey: What Is It and How Can It
Add Value to the Customer?,” Journal of Service Management,
35 (6), 136-58.

Luo, Xueming, Marco S. Qin, Zheng Fang, and Zhe Qu (2021),
“Artificial Intelligence Coaches for Sales Agents: Caveats and
Solutions,” Journal of Marketing, 85 (2), 14-32.

Malhotra, Neeru, Felix Mavondo, Avinandan Mukherjee, and Graham
Hooley (2013), “Service Quality of Frontline Employees: A
Profile Deviation Analysis,” Journal of Business Research, 66
(9), 1338-44.

Marinova, Detelina, Ko de Ruyter, Ming-Hui Huang, Matthew L.
Meuter, and Goutam Challagalla (2017), “Getting Smart: Learning
from Technology-Empowered Frontline Interactions,” Journal of
Service Research, 20 (1), 29-42.

McKinsey (2024), “Where Is Customer Care in 2024?,” (accessed
February 20, 2025), (available at: https://www.mckinsey.com/
capabilities/operations/our-insights/where-is-customer-care-
in-2024).

McLeay, Fraser, Victoria S. Osburg, Vignesh Yoganathan, and
Anthony Patterson (2021), “Replaced by a Robot: Service
Implications in the Age of the Machine,” Journal of Service
Research, 24 (1), 104-21.

Microsoft (2024), “How Microsoft Copilot and ServiceNow Now
Assist Enhance Employee and IT Admin Choice and Flexibility,”
(accessed November 11, 2025), (available at: https:/partner.
microsoft.com/de-de/blog/article/how-microsoft-copilot-and-ser-
vicenow-now-assist-enhance-choice-and-flexibility).

Mortati, Marzia and Giovanna Viana Mundstock Freitas (2025), “Al
in Service Design: A New Framework for Hybrid Human-Al
Service Encounters,” Journal of Service Research (forthcoming),
1-16.

Murray, Alex, Jen Rhymer, and David G. Sirmon (2021), “Humans
and Technology: Forms of Conjoined Agency in Organizations,”
Academy of Management Review, 46 (3), 552-71.

Pan, Shan-Ling, Rohit Nishant, Tuure Tuunanen, and Jyoti Choudrie
(2025), “Al Agents: Potential Implications for IS Research?,” The
Journal of Strategic Information Systems, 34 (2), 101906-10.

Pemer, Frida (2021), “Enacting Professional Service Work in Times
of Digitalization and Potential Disruption,” Journal of Service
Research, 24 (2), 249—68.

Pentland, Brian T. (1992), “Organizing Moves in Software
Support Hot Lines,” Administrative Science Quarterly, 37 (4),
527-48.

Pentland, Brian T. and Thorvald Herem (2015), “Organizational
Routines as Patterns of Action: Implications for Organizational
Behavior,” Annual Review of Organizational Psychology and
Organizational Behavior, 2 (1), 465-87.

Reuters (2025), “Microsoft to Spend Record $30 Billion This Quarter
as Al Investments Pay Off,” (accessed August 5, 2025), (available
at:  https://www.reuters.com/business/microsoft-spend-record-
30-billion-this-quarter-ai-investments-pay-off-2025-07-30/).

Ritchie, Jane, Jane Lewis, and R. G. Elam (2013), “Selecting
Samples,” in Qualitative Research Practice: A Guide for Social
Science Students and Researchers. Jane Ritchie and Jane Lewis,
eds. Thousand Oaks, CA: Sage Publications, 111.

Robinson, Stacey, Chiara Orsingher, Linda Alkire, Arne de Keyser,
Michael Giebelhausen, K. N. Papamichail, Poja Shams, and
Mohamed S. Temerak (2020), “Frontline Encounters of the Al
Kind: An Evolved Service Encounter Framework,” Journal of
Business Research, 116, 366-76.

Schepers, Jeroen, Daniel Belanche, Luis V. Casald, and Carlos Flavian
(2022), “How Smart Should a Service Robot Be?,” Journal of
Service Research, 25 (4), 565-82.

Subramani, Mani, Mihir Wagle, Gautam Ray, and Alok Gupta
(2021), “Capability Development Through Just-in-Time Access
to Knowledge in Document Repositories: A Longitudinal
Examination of Technical Problem Solving,” MIS Quarterly, 45
(3), 1287-308.

van Doorn, Jenny, Edin Smailhodzic, Stefano Puntoni, Jia Li, Jan
H. Schumann, and Jana Holthower (2023), “Organizational
Frontlines in the Digital Age: The Consumer-Autonomous
Technology-Worker (CAW) Framework,” Journal of Business
Research, 164, 1-13.

Wirtz, Jochen, Paul G. Patterson, Werner H. Kunz, Thorsten Gruber,
Vinh N. Lu, Stefanie Paluch, and Antje Martins (2018), “Brave
New World: Service Robots in the Frontline,” Journal of Service
Management, 29 (5), 907-31.


https://www.mckinsey.com/capabilities/operations/our-insights/where-is-customer-care-in-2024
https://www.mckinsey.com/capabilities/operations/our-insights/where-is-customer-care-in-2024
https://www.mckinsey.com/capabilities/operations/our-insights/where-is-customer-care-in-2024
https://partner.microsoft.com/de-de/blog/article/how-microsoft-copilot-and-servicenow-now-assist-enhance-choice-and-flexibility
https://partner.microsoft.com/de-de/blog/article/how-microsoft-copilot-and-servicenow-now-assist-enhance-choice-and-flexibility
https://partner.microsoft.com/de-de/blog/article/how-microsoft-copilot-and-servicenow-now-assist-enhance-choice-and-flexibility
https://www.reuters.com/business/microsoft-spend-record-30-billion-this-quarter-ai-investments-pay-off-2025-07-30/
https://www.reuters.com/business/microsoft-spend-record-30-billion-this-quarter-ai-investments-pay-off-2025-07-30/

18

Journal of Service Research 00(0)

Author Biographies

Philipp Reinhard is Research Associate and PhD Candidate in
Information Systems at the University of Kassel, Germany. He holds
master’s degrees in information systems and in Entrepreneurship &
Innovation Management from TU Darmstadt. His research focuses on
the human-centered design of Al-based services, including generative
Al and agentic Al

Mahei Manhai Li is a Postdoctoral Researcher at the University of St.
Gallen and Research Group Lead at the University of Kassel. His
research examines digital transformation, service systems, and GenAl
and Agentic Al implementation, design, and management. He serves
on the board of the AIS SIG Services.

Christoph Peters is Full Professor of Information Systems, esp.
Digital Process Management at the University of the Bundeswehr

Munich, Germany. His research focuses on digital and Al-based ser-
vices and processes, as well as human-centered technology. His work
has been published in JMIS, BISE, JOSM, MISQE, CAIS, ICIS, and
ECIS.

Andreas Janson is a Postdoctoral Researcher at the Institute of
Information Systems and Digital Business, University of St. Gallen,
Switzerland. His research focuses on the design of digital services and
human—AlI interaction. His work has appeared in ISR, JAIS, JIT, EJIS,
AMLE, and Computers in Human Behavior.

Jan Marco Leimeister is Chair Professor and Managing Director of
the Institute of Information Systems and Digital Business at the
University of St. Gallen, Switzerland. He is also Director at the
Research Center for IS Design at the University of Kassel, Germany.
His work covers digital and Al-driven value creation.



