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This research analyses managers’ perceptions of the multiple types of artificial intelligence (AI) re-
quired at each stage of the business-to-business (B2B) service recovery journey for successful human–
AI collaboration in this context. Study 1 is an exploratory study that identifies managers’ perceptions
of the main stages of a B2B service recovery journey based on human–AI collaboration and the cor-
responding roles of the human–AI collaboration at each stage. Study 2 provides an empirical exami-
nation of the proposed theoretical framework to identify the specific types of intelligence required by
AI to enhance performance in each stage of B2B service recovery, based on managers’ perceptions.
Our findings show that the prediction stage benefits from collaborations involving processing-speed
and visual-spatial AI. The detection stage requires logic-mathematical, social and processing-speed
AI. The recovery stage requires logic-mathematical, social, verbal-linguistic and processing-speed AI.
The post-recovery stage calls for logic-mathematical, social, verbal-linguistic and processing-speed
AI.

Dedicated to Renaud Champion

Introduction

The field of artificial intelligence (AI), particularly gen-
erative AI, has captured considerable interest in the
realm of service and management research (Brown
et al., 2024). This can be attributed to the remarkable
advancements in computing power, lower computing
costs and the development of computational abilities
(Ameen et al., 2022; Gupta, Wang and Czinkota, 2023;
Hajli et al., 2022; Nguyen and Malik, 2022). These fac-
tors have contributed to the burgeoning popularity and
significance of AI in shaping the landscape of service-
related studies. AI uses machine learning algorithms to
mimic the human brain’s cognitive processes and act ac-
cordingly. Indeed, AI aims to reproduce human abili-
ties such as learning, speech (language processing) and
problem-solving (Russell and Norvig, 2009). Moreover,

the development of quantum computing and generative
AI marks a leap forward in processing capability, with
massive performance increases for specific uses (Ameen,
Sharma and Tarba, 2024).

Although the literature offers several classifications
and applications of AI in service settings, it has paid lim-
ited attention to the collaboration between AI and hu-
mans in organizations (Huang and Rust, 2022). Huang
and Rust (2018) specified four ordinal and parallel
types of intelligence – mechanical, analytical, intuitive
and empathetic – and identified the ways firms can
decide between humans and machines to provide ser-
vices across the four intelligences. Pantano and Scarpi
(2022) extended this classification by postulating five
different types of AI more reflective of human in-
telligence: logic-mathematical, social, verbal-linguistic,
processing-speed and visual-spatial.

Given that the research on service recovery primar-
ily focuses on business-to-consumer (B2C) contexts
(Baliga et al., 2021; Grégoire and Mattila, 2021), there
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is a significant gap in understanding service recovery in
business-to-business (B2B) contexts. Moreover, in the
limited body of research delving into service recovery
solutions within B2B settings, the predominant focus
has been on the efficacy of human agents in achieving
satisfactory outcomes (e.g. Ahmad et al., 2022; Baliga
et al., 2021; Chugh et al., 2023; Grégoire and Mattila,
2021). Despite these efforts, there exists a noticeable re-
search gap pertaining to an in-depth exploration of the
ways in which various forms of AI intelligence can en-
hance B2B service recovery.
Both scholars and practitioners face the challenge

of determining whether, when and how AI systems
can substitute for or collaborate with humans in spe-
cific functions within the B2B service recovery pro-
cess. Exploring these configurations may enhance the
quality of B2B service recovery and improve overall
efficiency.
Using AI-based technologies to manage B2B service

recovery is possibly the best option for survival and for
developing more resilient, sustainable recovery models.
It may also cost firms less in terms of resources (human
and financial) and time. In addition, AI systems can re-
place humans in some rote tasks (Pagani and Cham-
pion, 2020) and free up time for more advanced layers
of service recovery. Nonetheless, in B2B contexts, hu-
man input remains essential for successful service recov-
ery (Baliga et al., 2021).
Service recovery in B2B contexts presents unique

challenges. Compared with B2C contexts, the risks asso-
ciated with service failure and inadequate recovery are
far more serious and costly (Baliga et al., 2021; Grégoire
andMattila, 2021). In B2Bmarkets, a service failure can
have a domino effect, impacting the entire value network
ecosystem, whereas B2C service failures often affect in-
dividual customers only (Zhu and Zolkiewski, 2015). In
addition, B2B purchases involve complex processes and
multiple service needs, making recovery more intricate
(Baliga et al., 2021). Losing even a single client due to
a service failure can result in substantial losses for B2B
firms. Thus, effective B2B service recovery is crucial for
maintaining a positive reputation and long-term client
relationships while minimizing costs.
Although previous studies have proposed research

questions on collaborations between humans and AI
(Bond et al., 2020; Huang and Rust, 2022), research has
yet to provide insight intomanagers’ perceptions of how
the collaboration between human intelligence andAI in-
telligence can be used effectively in each stage of B2B
service recovery. Therefore, in this research, we consider
B2B service recovery as a journey made up of differ-
ent stages. We note that it is still unknown how differ-
ent AI intelligence can be combined and used effectively
at each stage of the B2B service recovery journey. This
research aims to develop a theoretical framework that
identifies which types of AI intelligence are significant at

each stage of the B2B service recovery journey, based on
managers’perceptions, thus enabling successful human–
AI collaboration in this context.

This research contributes to theory in several ways.
First, it extends the theory of intelligence (Huang and
Rust, 2018) and an AI collaborative intelligence frame-
work for marketing tasks (Huang and Rust, 2022); it
also provides empirical evidence to extend previous re-
search on B2B service recovery (e.g. Ashok, Day and
Narula, 2018; Baliga et al., 2021; Brock et al., 2013;
Naumann et al., 2010; Zhu and Zolkiewski, 2015). It
answers recent calls to develop methods of collabora-
tion between AI and humans in organizations (Ameen
et al., 2022; Bond et al., 2020; Huang and Rust, 2018,
2022; Pantano and Scarpi, 2022) and extends these stud-
ies by offering empirical evidence for how humans and
AI can collaborate effectively at each stage of the B2B
service recovery journey (Van Vaerenbergh et al., 2019),
a context in which the integration of AI is still under-
explored (see Table 1). It proposes a theoretical model
that goes beyond traditional theories in B2B service re-
covery, such as justice theory and attribution theory,
thereby providing a new perspective for understanding
human–AI collaboration based on managers’ insights.
Secondly, this research provides an innovative approach
that firms from different industries can use to manage
B2B service recovery, which is a costly and risky endeav-
our (Baliga et al., 2021). Thirdly, we identify four main
stages of the B2B service recovery journey – prediction,
detection, recovery and post-recovery – and demonstrate
how five types of AI intelligence (logic-mathematical,
social, verbal-linguistic, processing-speed and visual-
spatial) can be combined to perform key tasks. Fourthly,
our study extends the research on AI (e.g. Ameen et al.,
2022; Huang andRust, 2018; Pantano and Scarpi, 2022)
beyond the scope of B2C contexts. Indeed, the business
relevance of this paper lies in the fact that in B2B ser-
vice recovery, firms need effective strategies to minimize
costly financial and reputational risks and enhance their
performance.

Theoretical background
Service recovery management in B2B contexts

Service failure is defined as ‘any type of error, mistake,
deficiency or problem that occurs during the provision
of a service, causing a delay or hindrance in the satis-
faction of customer needs’ (Koc, 2017, p. 1). When a
service failure occurs, customer attributions and expec-
tations are shaped by relationship factors and are as-
sociated with greater satisfaction with the service per-
formance after the recovery (Hess, Ganesan and Klein,
2003).

Service outcome failures are more common in B2B
contexts than in B2C contexts (Baliga et al., 2021). They
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The Rise of Human–Machine Collaboration 3

Table 1. Recent studies on B2B service recovery

Reference Brief description (in context of B2B service
recovery)

Underlying theory Inclusion of
AI role

Brock et al. (2013) Drivers of client satisfaction with complaint
handling

� Justice No

Zhu and Zolkiewski (2015) B2B service failures in manufacturing � – No

Ashok, Day and Narula (2018) Clients’ dissatisfaction and service process
innovation

� Expectation disconfirmation No

Van Vaerenbergh et al. (2019) Service recovery journey � Social exchange Yes

Khamitov, Grégoire and Suri (2020) Brand transgression, service failure and
recovery, and product-harm crisis

� Attribution
� Justice
� Expectation disconfirmation
� Relationship marketing

No

Baliga et al. (2021) Service failure and recovery in B2B markets � Justice No

Grégoire and Mattila (2021) Review of the literature on service failure and
recovery

� Justice
� Attribution
� Game

No

Ahmad et al. (2022) Salesforce control system on service–sales
ambidexterity and service-related
performance outcomes

� Motivation, opportunity and
ability (MOA)

No

Chang (2022) The infusion of AI in B2B sales � Relationship lifecycle
� AI job replacement

Yes

Sands et al. (2022) Industrial customer engagement in customer
responses to service failure

� Social exchange No

Chugh et al. (2023) Purchasing agents’ termination emotions on
their perception of justice towards an existing
win-back offer, and their advocacy towards
switching back to this supplier

� Constructed emotion
� Justice

No

cause clients to experience financial losses and are often
highly dependent on the firms’ responsiveness and how
effectively they recover the failure. Hence, supplier qual-
ity and timeliness of delivery are crucial (Sands et al.,
2022). In the context of B2B services, the cause and
severity of a failure have implications for the recovery
mechanism deployed, and the solution may be associ-
ated with the age and size of the firm, the size of the
client, and the length and strength of the relationship
between the two (Baliga et al., 2021).
Recent research acknowledges that major global de-

velopments have made B2B service recovery more chal-
lenging for firms (Bond et al., 2020). For instance,
the easy availability of competitive offerings has led
to hyper-competition in B2B markets (Baliga et al.,
2021). In addition, clients increasingly expect personal-
ized, frictionless experiences and expect firms to moni-
tor their performance in real time to predict failure and
take timely action to prevent it (Shin et al., 2017). When
a failure does happen, the reactions of B2B customers
vary from tolerance and continuing to use the supplier,
to defection (Naumann et al., 2010). Furthermore, rapid
advances in technology have led to demand among B2B
customers for digital self-service systems, supported by
AI and automation, so they can resolve smaller issues
whenever and wherever they want (Baliga et al., 2021).
Hence, finding new forms of AI-enabled solutions that
help firms predict, detect and possibly avoid B2B service

failures, in addition to aiding with the actual recovery,
is essential in today’s world.

Furthermore, service recovery should be treated as a
journey (Van Vaerenbergh et al., 2019). This journey
comprises a series of events in the pre-recovery, recov-
ery and post-recovery phases, which collectively shape
the recovery experience. Van Vaerenbergh et al. (2019)
explain that viewing service recovery as a journey allows
us to consider the dynamics of the service process and
better understand the customer’s viewpoint over time; it
goes beyond a momentary snapshot that ignores touch-
point dependencies, enabling firms to manage the ser-
vice recovery process holistically.

We note that there has been a surge in research
on the role of AI in service contexts (e.g. Ameen
et al., 2022; Huang and Rust, 2018, 2022; Pantano and
Scarpi, 2022). For example, Luo et al. (2021) found
that AI–human coach assemblage outperforms either
the AI or human coach alone, while Habel, Alavi and
Heinitz (2023) found that the effectiveness of AI-based
churn prediction strongly depends on customer and
salesperson characteristics, including technology per-
ceptions. Table 1 presents an overview of the most re-
cent studies on B2B service recovery. We note that there
remains a lack of exploration and empirical assess-
ment on how the collaboration between AI and human
intelligence can enhance firms’ B2B service recovery
performance.

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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4 N. Ameen et al.

Overview of the studies

Our research comprises two studies aimed at identifying
the types of AI intelligence required at various stages of
the B2B service recovery journey for successful human–
AI collaboration in this context. Initially, we conducted
Study 1, a qualitative exploratory study based on data
collected from senior managers to explore (i) the main
stages of a human–AI collaboration-based B2B service
recovery journey and (ii) the specific collaborations be-
tween humans andAI at each stage. Building upon these
findings, Study 2 empirically tested our proposed theo-
retical framework by examining managers’ perceptions
of the impact of the specific types of AI on B2B ser-
vice recovery performance from managers’ perspectives
at each stage of the service recovery journey. The results
contribute to the understanding of effective human–AI
collaboration in service contexts.

Study 1: Exploratory study

The exploratory qualitative study aimed to capture a
comprehensive understanding of the role of AI in B2B
service recovery. Specifically, the study (i) investigates
the main stages of a B2B service recovery journey based
on human–AI collaboration and (ii) explores the collab-
oration between humans and AI at different stages of
the journey. Given the limited research available on the
collaboration between humans and AI in B2B service
recovery, this study employed in-depth interviews with
senior managers and industry experts to shed light on
this important topic.

Procedure

We conducted interviews with individuals who were ex-
perienced in generating, developing and implementing
B2B service recovery solutions based on human–AI col-
laboration. Of the ten participants, nine were senior
managers from leading global firms (NVIDIA, IBM,
Microsoft, Tag Digital, Vertis Media, Zebra Technolo-
gies and Parallel Dots). These firms offer AI-enabled
B2B services in marketing, retail, warehousing and in-
formation technology. The remaining participant was
an industry expert specializing in AI and robotics in
4.0 logistics, security and health (Web Appendix A). We
used a judgement sampling technique to select the par-
ticipants and conducted the interviews online. All par-
ticipants were highly involved in planning andmanaging
AI in B2B service recovery. We used a semi-structured
interview format and began each interview with a con-
cise explanation of the study’s objectives. We asked
open-ended questions to explore aspects related to B2B
service recovery: how teams and AI identify and handle
service failures; the stages of B2B service recovery; the

role and types of AI-enabled technologies used in han-
dling and recovering service disruptions/problems; im-
portant factors in B2B service recovery; and the future
use of AI in service recovery. Prior to conducting the
interviews, we obtained ethical approval from the lead
researcher’s university. The average interview length was
40min.We developed the interview questions based on a
thorough review of online reports and literature on the
service recovery journey and human–AI collaboration
(e.g. Baliga et al., 2021; Huang and Rust, 2022; Pantano
and Scarpi, 2022; Van Vaerenbergh et al., 2019).

Following the interviews, the recordings were tran-
scribed verbatim. Two of the authors then analysed
the data using a commonly accepted analysis technique
involving open and axial coding (Strauss and Corbin,
1998). This coding approach facilitated the identifica-
tion of common themes and patterns in the data. The
researchers examined similarities and patterns within
each interview and across all the interview texts. We
then used dialectical tracking to compare these patterns
with existing conceptualizations in the literature (Belk,
Fischer and Kozinets, 2013). We ran further analysis
of the verbatim transcripts using WordStat software,
which allowed us to combine qualitative and quanti-
tative analysis techniques for a better understanding
of the interview data. Specifically, the functions of
automatic frequency analysis of words, co-occurrences
and proximity plots embedded in software allowed us
to identify key insights and emerging themes related to
human–AI collaboration in B2B service recovery.

Findings

To support deep understanding of the interviews, we
performed a preliminary frequency analysis and a
co-occurrence analysis on the most recurrent words
(Web Appendix B) using WordStat. This analysis was
limited to the cluster that contains a large number of
interconnected words. This initial analysis allowed us
to understand the extent to which a couple of words
recurred to have an overview of the recurrent associ-
ations of words, while the subsequent proximity plot
provided a deeper analysis of the frequency of the
word ‘AI’ only in association with other words (Web
Appendix B). The results of both analyses helped us to
extract from the most recurrent concepts. For instance,
the role of AI in detection largely emerged (e.g. from
the co-occurrences analyses, ‘AI’ frequently occurred
with words like ‘detect’ and ‘detection’, while ‘service’
occurred frequently with ‘failure’ and ‘disruption’; from
the proximity plot we further see the large frequency
of ‘AI’ with ‘service’). The findings of this exploratory
study form the basis of the research and the proposed
hypotheses, along with the literature. The participants
stressed that AI involvement in B2B service recovery
is important, because it can handle tasks that may be

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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The Rise of Human–Machine Collaboration 5

challenging for humans. They highlighted integrating
machine learning algorithms into the service recovery
process as a way of enhancing efficiency and effective-
ness. However, participants also emphasized the need
for human intervention to meet clients’ specific needs.
For instance, one senior manager stated:

The use of AI can detect very early a change in plans and
behaviours and identify breach as opposed to the breaches
happened and how you contain the breach. So there are
literally hundreds of thousands of use cases. It’s really dif-
ficult to say ‘well, which one?’ because there are, there are
hundreds of thousands. [P1]

Managers described their approach to using AI in B2B
service recovery. A senior manager explained:

We have some module which is a nicer module or a self-
healing or recovery that can be triggered. It follows a set
of paths. Very obvious one would be restart that service or
change this input and then it does that so and then how
would you know about that. [P6]

The interview data analysis revealed that a B2B ser-
vice recovery journey based on human–AI collaboration
consists of four main stages: (i) prediction, (ii) detection,
(iii) recovery; and (iv) post-recovery (Table 2).
In summary, the findings of this exploratory study

align with, and contribute to, the literature on the main
stages of human–AI collaboration in B2B service re-
covery (Van Vaerenbergh et al., 2019). In emphasiz-
ing the importance of human–AI collaboration at each
of the four stages, the findings complement those of
other studies (e.g. Baliga et al., 2021; Huang and Rust,
2022; Pantano and Scarpi, 2022) and add to the body of
knowledge on human–AI collaboration in service con-
texts.

Conceptual framework and hypothesis
development

Recent service and marketing research has emphasized
that firms can achieve the best results through aug-
mentation, which involves collaborations and combi-
nations of AI and human intelligence (Ameen et al.,
2022; Huang andRust, 2018, 2022; Pantano and Scarpi,
2022). These studies provided insights into how col-
laborative intelligence can address the crucial issue of
leveraging AI to augment human intelligence at differ-
ent levels. Huang and Rust (2022) proposed the the-
ory of human–AI collaboration, which suggests that
successful collaboration between AI and human intel-
ligence can be achieved by recognizing their respective
strengths. In this way, lower-level AI augments higher-
level human intelligence, enabling human intelligence
to advance at a higher level as AI automates lower-
level tasks (Huang and Rust, 2022). Pantano and Scarpi

(2022) identified five main AI intelligence types: logic-
mathematical, social, visual-spatial, verbal-linguistic and
processing-speed, each corresponding to different as-
pects of human intelligence. Table 3 provides a detailed
description of each type of intelligence.

However, a gap remains in understanding what role
the different AI intelligence types play in B2B service
recovery. Van Vaerenbergh et al. (2019) noted that
AI applications can provide real-time support to the
service frontline, which assists service organizations
in their recovery efforts. Furthermore, recent research
has emphasized three main stages in the service recov-
ery journey: pre-recovery, during recovery and post-
recovery (Grégoire andMattila, 2021; Van Vaerenbergh
et al., 2019). Nevertheless, there is no precise definition
or understanding of these stages in the B2B service
recovery journey when AI is involved. To address these
gaps, this research expands the theory of AI–human
collaborative intelligence (Huang and Rust, 2022) with
empirical evidence.We propose a theoretical framework
of AI intelligence types and their significance at various
stages of the B2B service recovery journey, ultimately
enhancing service recovery performance. By doing so,
this research aims to provide academics, marketers and
practitioners with more accurate solutions to challenges
in B2B service recovery contexts. Figure 1 presents the
proposed theoretical framework.
Logic-mathematical AI enables machines to tackle

complex analytical problems andmake logical decisions
(Huang and Rust, 2018; Pantano and Scarpi, 2022).
This form of intelligence, akin to human intelligence,
encompasses the capacity to analyse problems and situ-
ations logically before identifying appropriate solutions,
and it is relevant to different stages of the B2B service
recovery journey. The ability to make logical decisions
when identifying B2B service errors and generating so-
lutions during service recovery is critical in fostering
positive relationships between B2B clients and service
providers (Sands et al., 2022). This AI intelligence type
holds particular significance in the B2B service recov-
ery journey due to the inherent complexity and sever-
ity of the failures that may occur (Baliga et al., 2021).
For instance, in the realm of smart B2B services, failures
can manifest as bugs in automated B2B platforms or
the abrupt cessation of functionality without any clear
cause.
Processing-speed AI encompasses the machine’s abil-

ity to perform repetitive tasks quickly and fluently,
drawing upon the Cattel–Horn–Carroll model of hu-
man intelligence (Schneider and McGrew, 2012). In the
context of B2B service recovery, processing-speed AI
is significant as clients expect real-time performance
monitoring of products and services provided, so
that failures can be anticipated and timely corrective
action can be taken (Baliga et al., 2021; Shin et al.,
2017). This type of AI can be required in all stages

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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8 N. Ameen et al.

Table 3. Descriptions of AI intelligence type

Type of intelligence Description

Logic-mathematical AI Logic-mathematical AI is especially important in identifying and resolving service problems in this context, given that
B2B clients expect problems to be resolved efficiently to minimize their (financial and non-financial) losses (Baliga
et al., 2021). Specialized mathematical algorithms, which extract patterns from vast amounts of data, allow AI systems
to perform computationally intensive tasks (such as classification and regression) more proficiently than humans can
(Esmaeilzadeh and Vaezi, 2022).

Processing-speed AI The processing-speed type of intelligence focuses on performing simple and repetitive tasks quickly and fluently without
overlapping with other forms of intelligence, such as logic-mathematical, visual-spatial or verbal-linguistic (Pantano
and Scarpi, 2022). It also includes mechanical intelligence, which pertains to the execution of basic and repetitive tasks
(Huang and Rust, 2018, 2021). As Huang and Rust (2018) elucidate, mechanical processes in humans do not require
much creativity, as the processes have been performed repeatedly and can be executed with minimal additional
cognitive effort. AI possesses the inherent advantage of extreme consistency (Huang and Rust, 2018, 2022). The
repetitive nature of tasks characterized by limited variation diminishes the value of learning over time, instead relying
on observation to repetitively act and react (Huang and Rust 2018).

Social AI Social AI is centred on machines’ ability to understand human emotions, respond to social cues and interact with
humans. AI can employ a holistic and contextually integrated approach to learn and adapt from experience and
contextual factors. It can analyse emotional cues, such as facial expressions, smiling, anger or fear (Puntoni et al.,
2021). While this type of intelligence holds significance in frontline interactions between clients and AI in service
settings, it also plays a crucial role in back-end support. Empathetic AI applications can provide emotional analytics
for improving customer experience and engagement (Esmaeilzadeh and Vaezi, 2022). For instance, by analysing human
expressions and categorizing them into emotions such as sadness, happiness, anxiety or joy, AI can track not only what
customers say but also how they truly feel (Huang and Rust, 2018). By identifying customer emotions, such AI systems
enable employees to devise suitable responses and firms to deliver timely and appropriate services (Ameen et al., 2022).

Verbal-linguistic AI Verbal-linguistic AI is commonly found in chatbots or AI voice assistants, allowing them to comprehend customer
complaints in the context of a service failure and provide appropriate responses (Fotheringham and Wiles, 2023;
Grégoire and Mattila, 2021; Pizzi, Scarpi and Pantano, 2021).

Visual-spatial AI Visual-spatial AI is based on a machine’s understanding of space and spatial awareness, enabling it to analyse patterns,
navigate physical environments and manipulate objects (Pantano and Scarpi, 2022; Solomon and Lo, 2022).

Figure 1. Conceptual model

of the B2B service recovery journey. For instance, AI
can swiftly predict and detect common failures and
problems through machine learning and predictive
analytics. Furthermore, AI can expediently handle
common complaints from B2B clients regarding simple
failures (such as delayed delivery) while ensuring that
customers are satisfied with the outcome. Moreover,
once a B2B service failure has been recovered, AI can
assist the service provider by gathering information
about recurring failures and generating reports that can
be used to prevent such failures in the future.

Social AI pertains to amachine’s capacity to engage in
social interactions and display empathetic behaviour in
various contexts (Esmaeilzadeh andVaezi, 2022; Huang
and Rust, 2018; Pantano and Scarpi, 2022). We argue
that social AI is particularly important in the context of
service failure, because customers’ emotions – includ-
ing anger, fear of loss and sadness – play a significant
role during and after the recovery process, which in-
fluences their relationship with the firm. However, the
literature presents contrasting perspectives on the role
of emotions in B2B service recovery. B2B interactions

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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The Rise of Human–Machine Collaboration 9

involve more complex decision-making than B2C inter-
actions do, and they are influenced bymultiple actors si-
multaneously (e.g. Kranzbühler et al., 2020). It is often
argued that emotions are less prominent in professional
settings than in end-consumer scenarios, because orga-
nizational buying is primarily driven by logic and reason
(e.g. Webster, Trevino and Ryan, 1993). It is also argued
that emotions and empathy are pivotal in the context of
B2B service failure and recovery, because negative emo-
tions between firms can lead to retaliatory actions ex-
tending beyond a specific exchange failure (Chugh et al.,
2023).
Verbal-linguistic AI refers to a machine’s ability to

understand and simulate human language, enabling in-
teractions through spoken or written language (Pan-
tano and Scarpi, 2022). In the B2B context, where
operational efficiency is prioritized, integrating verbal-
linguistic AI into service recovery can enhance customer
satisfaction (Fotheringham and Wiles, 2023). For in-
stance, it gives chatbots the advantages of personaliza-
tion and contextualization (Ameen et al., 2022). Finally,
in the context of service recovery, visual-spatial AI can
be applied to tasks such as locating delayed orders or
solving inventory management problems (Pantano and
Scarpi, 2022). By leveraging this intelligence type, AI
can detect spatial relationships and patterns in data,
which provides valuable insights for effective decision-
making. Nevertheless, each intelligence type is equally
relevant for the machine, as for the humans (Gard-
ner, 1983), and having one intelligence over another
does not make the human or the machine ‘more intelli-
gent’. Thus, for instance, processing speed (Pantano and
Scarpi, 2022) and mechanical intelligence (Huang and
Rust, 2018, 2021) play the same role of a different type
of intelligence in the overall ‘intelligence’of themachine
and vice versa. Therefore, we propose the following hy-
pothesis:

H1:Logic-mathematical (a), processing-speed (b), social
(c), verbal-linguistic (d) and visual-spatial (e) AI intel-
ligence has a significant effect on managers’ perceived
service recovery performance across all stages of the
B2B service recovery journey.

The B2B service recovery journey, as outlined by
Huang and Rust (2018, 2022) and Rust and Huang
(2021), involves distinct stages, each demanding specific
AI intelligences. Furthermore, in line with the views
reported in previous studies (e.g. Grégoire and Mattila,
2021; Van Vaerenbergh et al., 2019), the B2B service
recovery journey consists of multiple stages, namely:
prediction, detection, recovery and post-recovery, each
requiring specific skills and intelligences from both AI
and humans. In addition to the direct effects, we pro-
pose that the five types of AI intelligence vary in terms
of their significance at each of the four stages of the
B2B service recovery journey. We explain this view with

support from the existing literature as well as Study
1 results.

We expect that at the prediction stage of the B2B ser-
vice recovery journey, both processing-speed and visual-
spatial AI can play a significant role. Processing-speed
AI can serve at this stage of the B2B service recovery
by enabling data-driven predictions. This type of AI,
empowered by machine learning algorithms, can anal-
yse vast amounts of historical data (e.g. service records,
customer complaints, sensor data) and identify patterns
and correlations that signal impending failures. This en-
ables proactive interventions and prevents service dis-
ruptions (Pantano and Scarpi, 2022). In addition, the
processing speed allows real-time monitoring as AI al-
gorithms can continuouslymonitor keymetrics (e.g. sys-
tem performance, equipment readings, customer senti-
ment) in real time to predict possible B2B service fail-
ures. This rapid identification of potential issues allows
for swift corrective actions, minimizing the possibility
of service failures (Habbal, Ali and Abuzaraida, 2024).
In addition, AI can be trained to identify deviations
from established baselines in data patterns. This helps
pinpoint anomalies that may indicate potential service
issues before they escalate, enabling preventative mea-
sures.

In addition, visual-spatial AI can play a significant
role in the prediction stage of the B2B service recov-
ery journey. Visual-spatial AI allows predictive main-
tenance as computer vision technologies powered by
visual-spatial AI can analyse images and videos of
equipment or infrastructure to identify early signs of
wear and tear or potential malfunctions (Pantano and
Scarpi, 2022). This proactive approach to identifying
failures allows for scheduled maintenance before break-
downs occur, minimizing service disruptions (Suren-
dran, Khalaf and Tavera Romero, 2022). In addition,
this type of AI intelligence can allow remote visual
inspection, for example, augmented and virtual-reality
technologies supported by visual-spatial AI can enable
remote technicians to virtually ‘enter’ customer environ-
ments and conduct visual inspections of equipment or
infrastructure. This allows for early detection of poten-
tial issues without the need for physical visits, leading to
faster response times and preventative actions. Further-
more, visual-spatial AI allows sensor data visualization
as this type of AI intelligence can create informative vi-
sualizations of sensor data from equipment or systems.
This helps human experts identify subtle trends and pat-
terns that may indicate an increased risk of failure, en-
abling proactive measures.

Processing-speed AI and visual-spatial AI offer sig-
nificant potential for predicting B2B service failures,
each with unique strengths. Their combined application
can create a more accurate, real-time and proactive ap-
proach to preventing service disruptions, increasing cus-
tomer satisfaction and reducing costs (as found in the

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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10 N. Ameen et al.

Study 1 results), due to the ability to quickly process a
larger amount of instances than humans.
In addition, we predict that at the detection stage

of the B2B service recovery journey, processing-speed,
logic-mathematical and social AI can play a significant
role. Processing-speed AI allows real-time data moni-
toring. This type of AI, fuelled by machine learning al-
gorithms, excels at analysing vast amounts of real-time
data streams (e.g. operational metrics, customer inter-
actions, social media mentions) (Ameen et al., 2022).
Through pattern recognition and anomaly detection,
these algorithms can rapidly identify deviations from
normal service behaviour, signalling potential failures
before they escalate (Ameen, Sharma and Tarba, 2024;
Habbal, Ali and Abuzaraida, 2024). In addition, this
type of AI allows predictive maintenance by analysing
sensor data and historical maintenance records, hence it
can predict equipment failures and service disruptions
before they occur (Ameen et al., 2022). This enables
proactive maintenance interventions, minimizing down-
time and associated costs. The processing-speed type
of AI scales efficiently with data volume, allowing for
widespread deployment across complex B2B service set-
tings. Its automated nature helps businesses overcome
human limitations in processing large amounts of data,
leading to faster and more consistent detection of ser-
vice failures (Lv et al., 2022; Suhaili, Salim and Jambli,
2021).
Logic-mathematical AI is also required at the detec-

tion stage as it allows root cause analysis. This type of
AI, powered by rule-based systems and reasoning al-
gorithms, excels at analysing complex relationships and
logical dependencies within datasets (Sarker, 2021). This
allows for in-depth root cause analysis of service fail-
ures, pinpointing the specific factors and interactions
that led to the issue (Surendran, Khalaf and Tavera
Romero, 2022). It also offers scenario modelling and
simulation as it can create predictive models and simu-
lations of various service scenarios. This enables proac-
tive identification of potential failure points and vul-
nerabilities within service systems, leading to preventa-
tive measures and improved service design (Habbal, Ali
andAbuzaraida, 2024). Furthermore, this type of AI al-
lows customization. Logic-mathematical AI models can
be tailored to specific B2B service contexts and indus-
try standards. Additionally, their rule-based nature pro-
vides explainable insights into the detection process, fa-
cilitating human understanding and trust in the system’s
recommendations (Anvar Shathik and Krishna Prasad,
2020; Jain, Pamula and Srivastava, 2021).
Social AI can play a significant role in detecting

B2B service faults through early detection as it can
detect issues in real time, minimizing the negative
impact of service failures. Early intervention reduces
customer frustration and allows for quicker recovery
efforts (Ameen, Viglia and Altinay, 2023). In addition,

it enables proactive identification as it allows perform-
ing sentiment analysis, which can identify potential
dissatisfaction even before explicit complaints emerge
(Agnihotri and Bhattacharya, 2024). This enables
proactive outreach and prevents minor issues from
escalating, which is particularly significant in the B2B
context where maintaining a positive relationship with
clients is key (Doney, Barry and Abratt, 2007). Further-
more, social AI enables richer customer insights as it
analyses not just factual reports but also emotions and
opinions (Liu-Thompkins, Okazaki and Li, 2022). This
deeper understanding of customer perspectives informs
personalized recovery strategies. In addition, social AI
enables multi-channel monitoring as it can track com-
plaints across diverse channels and communication plat-
forms, providing a holistic view of customer sentiment.

Processing speed, logic-mathematical and social AI
offer complementary tools for detecting B2B service
failures. Their combined application allows for rapid
identification of issues, an in-depth understanding of
root causes and proactive prevention measures. This
empowers businesses to minimize service disruptions,
maintain customer satisfaction and enhance opera-
tional efficiency.

In addition, we predict that the recovery stage
of the B2B service recovery journey requires logic-
mathematical, social, verbal-linguistic and processing-
speed AI. Logic-mathematical AI allows root cause
analysis, which facilitates targeted recovery efforts
by addressing the core issue and preventing future
occurrences (Surendran, Khalaf and Tavera Romero,
2022). Also, this type of AI offers scenario planning
and decision support as it can model various recovery
scenarios based on the identified root cause and predict
their potential outcomes. This empowers businesses
to make informed decisions, optimize resource alloca-
tion and choose the most effective recovery strategy
(Habbal, Ali and Abuzaraida, 2024). Furthermore,
logic-mathematical AI offers automated workflow
optimization as it can analyse historical data and recov-
ery patterns to identify inefficiencies and bottlenecks in
existing workflows. This allows for automated optimiza-
tion of recovery processes, leading to faster resolutions
and reduced costs (Anvar Shathik and Krishna Prasad,
2020; Jain, Pamula and Srivastava, 2021).

Social AI can also play a significant role at this stage
as it supports firms by allowing sentiment analysis and
emotional understanding (Chaturvedi et al., 2023).
Social AI tools can analyse customer communica-
tion (emails, chats, social media) to understand their
emotions and sentiments regarding service failure
(Ameen, Viglia and Altinay, 2023; Chaturvedi et al.,
2023). This allows businesses to tailor their recovery
approach, offering personalized apologies, acknowl-
edging frustrations and demonstrating empathy (Anvar
Shathik and Krishna Prasad, 2020; Jain, Pamula and

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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The Rise of Human–Machine Collaboration 11

Srivastava, 2021). In addition, social AI enables building
customer relationships, for example, social AI chatbots
can engage with customers during the recovery process,
providing updates, answering questions and offering
support. This personalized interaction can rebuild trust,
mitigate negative emotions and enhance customer sat-
isfaction (Alabed, Javornik and Gregory-Smith, 2022).
Social AI supports community management and rep-
utation repair at the B2B service recovery stage. Social
AI tools can monitor online conversations and identify
negative mentions of service failure. By proactively
addressing these concerns and mitigating reputational
damage, businesses can maintain positive relationships
with their B2B partners.
Verbal-linguistic AI can support firms at the recov-

ery stage of the B2B service recovery journey through
automated apologies and communication. Here, natural
language processing and language generation capabili-
ties of verbal-linguistic AI can be used to craft person-
alized and sincere apologies to customers (Guzman and
Lewis, 2019). This demonstrates professionalism, takes
responsibility for the failure and sets a positive tone for
the recovery process. In addition, this type of AI allows
negotiation and conflict resolution as AI-powered nego-
tiation tools can analyse customer demands and identify
mutually beneficial solutions during the recovery pro-
cess. This facilitates efficient agreements, reduces fric-
tion and promotes positive relationship building (Anvar
Shathik and Krishna Prasad, 2020; Jain, Pamula and
Srivastava, 2021). Verbal-linguistic AI also enables per-
sonalized communication and reporting as it can gener-
ate customized reports for various stakeholders (clients,
management, internal teams) detailing the service fail-
ure, recovery actions and lessons learned. This fosters
transparency, accountability and continuous improve-
ment within the organization (Lv et al., 2022; Suhaili,
Salim and Jambli, 2021).
Processing-speed AI can also support firms at the re-

covery stage by allowing real-time feedback analysis.
This type of AI can analyse customer feedback during
the recovery process in real time, identifying areas for
improvement and gauging the effectiveness of recovery
efforts. This allows for dynamic adjustments and ensures
the customer remains at the centre of the repair strategy
(Habbal, Ali and Abuzaraida, 2024). Also, this type of
AI enables firms to conduct predictive customer churn.
Advancedmachine learning algorithms can analyse cus-
tomer data and recovery interactions to predict the like-
lihood of churn. This enables proactive interventions
to retain customers and mitigate further damage to re-
lationships. Processing-speed AI allows resource opti-
mization and allocation as it can analyse data from pre-
vious recoveries and identify the most efficient alloca-
tion of resources (e.g. personnel, communication chan-
nels) based on the specific service failure. This optimizes
resource utilization and minimizes recovery costs.

Combining these four AI types in a cohesive B2B ser-
vice failure recovery strategy can generate significant
benefits for firms as it allows holistic understanding that
can guide a multifaceted recovery approach, personal-
ized and empathetic response and proactive and efficient
recovery.

The post-recovery stage presents a valuable oppor-
tunity to learn, strengthen relationships and prevent
future occurrences. We predict that AI can play a sig-
nificant role in this phase, with four key types: social,
verbal-linguistic, logic-mathematical and processing-
speed AI, offering various benefits. Social AI allows
B2B firms to develop customer sentiment analysis and
relationship building through monitoring customer
conversations post-recovery, which helps assess the
effectiveness of repair efforts and identify lingering dis-
satisfaction. Social AI tools can analyse sentiment and
emotions in feedback and interactions, informing tar-
geted follow-up communication to rebuild trust and so-
lidify relationships (Anvar Shathik andKrishna Prasad,
2020; Jain, Pamula and Srivastava, 2021). In addition,
this type of AI allows a proactive engagement in online
communities to help address any remaining negativity
surrounding the service failure. Social AI can assist in
identifying and responding to mentions of the incident,
actively managing the brand’s reputation and fostering
positive narratives among B2B partners. Social AI also
enables customer churn prevention andwin-back strate-
gies as it can analyse customer behaviour and commu-
nication post-recovery to identify those at risk of churn.
Early detection allows for targeted retention efforts,
offering personalized incentives or support to prevent
customer loss (Alabed, Javornik and Gregory-Smith,
2022).

Verbal-linguistic AI allows personalized feedback
and recommendation generation at the post-recovery
stage. By analysing customer feedback and recovery in-
teractions, verbal-linguistic AI can generate personal-
ized recommendations for service improvement. This
demonstrates a commitment to learning and growth,
fostering trust and enhancing future service experiences
(Anvar Shathik andKrishna Prasad, 2020; Jain, Pamula
and Srivastava, 2021). In addition, it enables automated
reporting and knowledge sharing as AI can create com-
prehensive reports analysing the service failure, recovery
process and customer feedback. These reports can be
shared internally to improve internal processes and in-
form future service design, ensuring lessons learned are
not lost. Verbal-linguistic AI also enables training and
knowledge base development as it can analyse recovery
conversations and identify best practices employed by
customer service representatives. This information can
be utilized to create training materials and knowledge
bases, enhancing agent capabilities and ensuring consis-
tent high-quality service in the future (Alabed, Javornik
and Gregory-Smith, 2022).

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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12 N. Ameen et al.

Logic-mathematical AI enables root cause analysis
and recurrence prevention at the post-recovery stage.
Continued analysis of the failure event and associated
data using logic-mathematical AI can reveal deeper in-
sights into root causes. This knowledge can be used to
implement preventative measures and eliminate vulner-
abilities within the service system, minimizing the risk
of recurrence (Surendran, Khalaf and Tavera Romero,
2022). In addition, logic-mathematical AI models en-
able predictive maintenance and service optimization as
it can be updated with post-recovery data to refine their
predictive capabilities. This allows for earlier detection
of potential issues and proactive maintenance interven-
tions, preventing future service disruptions and enhanc-
ing overall service reliability. Furthermore, this type of
AI allows scenario simulation and risk assessment. By
simulating various scenarios based on the original ser-
vice failure and post-recovery data, logic-mathematical
AI can identify potential vulnerabilities in existing re-
covery protocols. This proactive risk assessment allows
for continuous improvement and optimization of re-
covery strategies for future incidents (Habbal, Ali and
Abuzaraida, 2024).
Processing-speed AI enables real-time customer sat-

isfaction tracking at the post-recovery stage: analysing
customer feedback and interactions in real time post-
recovery allows for continuous monitoring of customer
satisfaction. Processing-speed AI can identify emerging
issues or concerns, prompting further corrective actions
and ensuring complete customer satisfaction (Habbal,
Ali and Abuzaraida, 2024).
Combining these four AI types in the post-recovery

phase creates a multifaceted and powerful approach
through continuous learning and improvement and
strengthened customer relationships. This holistic ap-
proach fosters trust and loyalty within B2B partner-
ships.
Therefore, we propose the following hypothesis:

H2:There are significant differences between the stages
(Stage 1 to Stage 4) of the B2B service recovery
journey in terms of the AI intelligence types (logic-
mathematical (a), processing-speed (b), social (c),
verbal-linguistic (d) and visual-spatial (e)).

Study 2

Study 2 aimed to build on the findings of the exploratory
study and Study 1 by examining which AIs (i) are more
reflective of human intelligence and (ii) affect perfor-
mance (from the managerial perspective) at each of the
four main stages of the B2B service recovery journey.
This allowed us to understand how humans and AI can
best collaborate at each stage.

Procedure

We collected data from 525 managers in B2B firms us-
ing AI in marketing and customer support. Responses
were obtained through the Centiment platform, known
for high-quality response data. Web Appendix C de-
tails data collection procedures, ensuring validity and
generalizability. For detailed insights into human–AI
collaboration in B2B service recovery, respondents were
questioned on all four B2B service recovery stages.Mea-
surement items for the five AIs were adopted from Pan-
tano and Scarpi (2022). The survey also included ‘man-
ager’s perceived service recovery performance’ using
items from Ahmad et al. (2022) on a seven-point Likert
scale. Web Appendix F lists all measurement items.

We explored the impact of factors identified in our ex-
ploratory study, including failure severity, service com-
plexity, firm size and age, client size, industry type and
relationship length. Attention checks and time tracking
ensured data quality. A pilot study with 25 managers
and one researcher preceded primary analysis, reliabil-
ity and validity assessment. The final sample for analysis
comprised 451 completed responses.

Sample characteristics

Respondents were primarily aged 36−45 (51%), male
(64%), holding senior managerial positions (79.2%)
and possessing a Master’s degree (49.2%) (Web Ap-
pendix D). All respondents were marketing managers.
Firms, mostly located in theUnited States (65.5%), were
6−10 years old (42.4%). Predominantly firms employed
501−1000 people (57%), operated in finance (34%) and
offered finance B2B services (40%). Many firms (37%)
had 4−5 years of client relationships, with almost half
(45.5%) catering to large clients.

Common service failures included cybersecurity
issues (68%), malfunctioning automation platforms
(60%), bugs in automated platforms (71%) and delayed
service delivery (52%). Participants categorized failures
by severity: extremely simple (21%), neutral (14%), se-
vere (10%), somewhat severe (26%) and extremely severe
(14%).

Throughout the B2B service recovery journey, com-
monly used AI systems included chatbots, machine
learning, predictive analytics, speech recognition, NLP,
predictive analytics (dashboards), recommendation en-
gines, ChatGPT, sentiment analysis and AI-enabled re-
port analysis (Web Appendix E), aligning with Study
1 results. Finally, to examine the proposed theoreti-
cal model, we employed structural equation modelling
using AMOS software. The two-stage approach (Hair
et al., 2019) involved evaluating the measurement model
for goodness-of-fit (GoF), reliability and construct va-
lidity, followed by testing the hypothesized relationships.

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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The Rise of Human–Machine Collaboration 13

Results

To evaluate the measurement model, we performed a
confirmatory factor analysis. The GoF indices were
satisfactory (χ2/df = 2.315; SRMR = 0.071; RMSEA
= 0.039, CFI = 0.901; AGFI = 0.926; TLI = 0.921;
NFI = 0.943; see Hair et al., 2019). All constructs
met the minimum thresholds for internal consistency
(Cronbach’s alpha and composite reliability were above
0.7) and convergent validity (outer loadings were above
0.6 and average variance extracted was above 0.5) (Hair
et al., 2019) (Web Appendix F). The results passed For-
nell and Larcker’s (1981) test of discriminant validity
because the square root of the AVE coefficients for all
constructs was greater than the correlations for all pairs
of constructs (Web Appendix G).
Next, we assessed our proposed hypotheses

(Figure 1). The variance inflation factor values for all
relationships were between 1.000 and 4.912 (Table 4),
indicating that there is no collinearity in the study
(Hair et al., 2019). In addition, our study shows that
the GoF statistics indicate an acceptable fit for the
structural model (χ2/df = 2.596; SRMR = 0.077;
RMSEA = 0.045; AGFI = 0.910; TLI = 0.905; NFI
= 0.936) and there is no issue with common method
variance (Web Appendix H), thus the path coefficients
can be confidently estimated (Table 4). Specifically,
logic-mathematical intelligence significantly influences
MPSRP in Stage 3 (β = 0.187, p = 0.022) and Stage 4
(β = 0.131, p = 0.035) only; thus, the evidence partly
supports H1. Processing-speed intelligence has a signif-
icant influence on MPSRP at every stage (Stage 1: β =
0.244; Stage 2: β = 0.190; Stage 3: β = 0.160; Stage 4: β
= 0.258, p < 0.05), fully supporting H2. In turn, social
intelligence has a significant influence on MPSRP in
Stage 2 (β = 0.306, p = 0.002), Stage 3 (β = 0.224, p
= 0.016) and Stage 4 (β = 0.220, p = 0.011), but not
Stage 1 (β = 0.022, p = 0.376), partly supporting H3.
Moreover, verbal-linguistic intelligence significantly
influences MPSRP in Stage 3 (β = 0.142, p = 0.041)
and Stage 4 (β = 0.160, p = 0.036) only, meaning that
H4 is also partly supported. H5 is partly supported,
as visual-spatial intelligence has significant effects on
MPSRP in Stage 1 (β = 0.145, p = 0.039) only. Overall,
these results displayed a coefficient of determination
(R2) of 42.4% after we included the insignificant results
(p > 0.05) of the control variables (age, company po-
sition, country, education level, length of relationship,
firm age, firm size, gender, industry type, client size,
type of B2B services offered, failure severity and failure
type). Notably, our results also show that all five AIs
are significant (p < 0.01) and have stronger estimates
when predicting the following stages (or carry-over
effect), with β ranging from 0.700 to 0.941 as well as R2

ranging from 49.0% to 88.6%. Finally, our robustness
check confirms the stability of these results (see Web

Appendix I for the endogeneity test). Figure 2 presents
a summary of our proposed direct relationships.

Finally, we performed an analysis of variance
(ANOVA) to ensure that the five types of AIs vary in
their significance across the four stages. The result in-
dicates significant differences in each stage for logic-
mathematical (p = 0.049), visual-spatial (p = 0.004),
social (p = 0.012), verbal-linguistic (p = 0.010) and
processing-speed (p = 0.000) intelligence (Web Ap-
pendix J). This result supports H2a–e. Web Appendix
K shows detailed comparisons of the five AIs at each
stage.

Discussion and theoretical implications

This research aimed to develop a theoretical framework
of managers’ perceptions of the AIs that are essential in
each stage of the B2B service recovery journey, thereby
facilitating successful collaborations between humans
andAI. To achieve this, two studies were conducted. The
exploratory study involved senior managers engaged in
B2B service recovery in global firms that offer B2B ser-
vices and use AI in their marketing processes. This study
provided insights into the four main stages of the B2B
service recovery journey: prediction, detection, recovery
and post-recovery. It also revealed the roles played by
humans and AI at each stage of the journey.

Building upon Study 1, in Study 2 we empirically
tested and validated the theoretical model proposed
in this research, which identified the specific AIs re-
quired at each stage of the B2B service recovery jour-
ney. The study revealed that logic-mathematical, social,
verbal-linguistic, visual-spatial and processing-speed in-
telligence significantly influence B2B service recovery
performance (as perceived by managers). Furthermore,
the findings indicated that each of the four stages re-
quires AI with different types of intelligence. Specifi-
cally, the prediction stage benefits from collaborations
involving processing speed and visual-spatial AI; the
detection stage requires logic-mathematical, social and
processing-speed AI; the recovery stage requires logic-
mathematical, social, verbal-linguistic and processing-
speed AI; the post-recovery stage calls for social, verbal-
linguistic, logic-mathematical and processing-speed AI.

This research provides empirical evidence that an-
swers the calls to develop effective ways for humans
and AI to collaborate in service contexts, as advocated
by recent studies (Ameen et al., 2022; Bond et al.,
2020; Huang and Rust, 2022; Pantano and Scarpi,
2022). Furthermore, it contributes to the literature on
B2B service recovery management (Baliga et al., 2021;
Grégoire and Mattila, 2021; Van Vaerenbergh et al.,
2019), which identified that managing service recovery
is more challenging in the B2B context because of the
complexity and the (financial and non-financial) risks

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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The Rise of Human–Machine Collaboration 15

Table 4. Path estimates

Relationship Estimate (β) SE p-Value VIF R2

Direct effect LM-Stage 1 → MPSRP 0.086 0.081 0.125 4.118 0.424
LM-Stage 2 → MPSRP 0.082 0.083 0.131 4.588
LM-Stage 3 → MPSRP 0.187 0.081 0.022 4.596
LM-Stage 4 → MPSRP 0.131 0.074 0.035 4.422
PS-Stage 1 → MPSRP 0.244 0.093 0.000 4.673
PS-Stage 2 → MPSRP 0.190 0.103 0.005 4.517
PS-Stage 3 → MPSRP 0.160 0.092 0.039 4.034
PS-Stage 4 → MPSRP 0.258 0.075 0.000 4.811
Soc-Stage 1 → MPSRP 0.022 0.060 0.376 4.115
Soc-Stage 2 → MPSRP 0.306 0.098 0.002 4.713
Soc-Stage 3 → MPSRP 0.224 0.091 0.016 4.289
Soc-Stage 4 → MPSRP 0.220 0.079 0.011 4.897
VL-Stage 1 → MPSRP 0.022 0.095 0.390 4.598
VL-Stage 2 → MPSRP 0.015 0.098 0.445 4.288
VL-Stage 3 → MPSRP 0.142 0.082 0.041 4.061
VL-Stage 4 → MPSRP 0.160 0.075 0.036 4.912
VS-Stage 1 → MPSRP 0.145 0.085 0.039 4.524
VS-Stage 2 → MPSRP 0.035 0.086 0.331 4.053
VS-Stage 3 → MPSRP 0.033 0.085 0.366 4.836
VS-Stage 4 → MPSRP 0.058 0.080 0.227 4.879

Control variable Age → MPSRP −0.008 0.049 0.420 1.919
Company position → MPSRP 0.004 0.069 0.458 1.433
Country → MPSRP 0.048 0.083 0.108 1.590
Education level → MPSRP 0.021 0.049 0.298 1.906
Length of relationship → MPSRP 0.025 0.045 0.258 1.997
Firm age → MPSRP 0.062 0.040 0.057 1.685
Firm size → MPSRP 0.011 0.047 0.393 1.834
Gender → MPSRP −0.028 0.082 0.238 1.967
Industry type → MPSRP −0.035 0.020 0.186 1.620
Client size → MPSRP −0.008 0.049 0.422 1.584
Types of B2B service offered → MPSRP 0.056 0.037 0.075 1.780
Failure severity → MPSRP 0.041 0.018 0.569 1.952
Failure type → MPSRP 0.044 0.031 0.289 1.679

Carry-over effect LM-Stage 1 → LM-Stage 2 0.766 0.058 0.000 1.000 0.587
LM-Stage 2 → LM-Stage 3 0.884 0.078 0.000 1.000 0.781
LM-Stage 3 → LM-Stage 4 0.941 0.069 0.000 1.000 0.886
PS-Stage 1 → PS-Stage 2 0.700 0.031 0.000 1.000 0.490
PS-Stage 2 → PS-Stage 3 0.789 0.036 0.000 1.000 0.623
PS-Stage 3 → PS-Stage 4 0.844 0.028 0.000 1.000 0.712
Soc-Stage 1 → Soc-Stage 2 0.825 0.025 0.000 1.000 0.681
Soc-Stage 2 → Soc-Stage 3 0.891 0.023 0.000 1.000 0.794
Soc-Stage 3 → Soc-Stage 4 0.913 0.021 0.000 1.000 0.834
VL-Stage 1 → VL-Stage 2 0.732 0.030 0.000 1.000 0.536
VL-Stage 2 → VL-Stage 3 0.805 0.032 0.000 1.000 0.648
VL-Stage 3 → VL-Stage 4 0.868 0.027 0.000 1.000 0.753
VS-Stage 1 → VS-Stage 2 0.797 0.051 0.000 1.000 0.635
VS-Stage 2 → VS-Stage 3 0.891 0.069 0.000 1.000 0.794
VS-Stage 3 → VS-Stage 4 0.930 0.070 0.000 1.000 0.865

Note: VIF: variance inflation factor. Values in bold are significant. LM: logic-mathematical; PS: processing-speed; Soc: social; VL: verbal-linguistic;
VS: visual-spatial; MPSRP: managers’ perceived service recovery performance.

involved (Baliga et al., 2021; Grégoire and Mattila,
2021; Zhu and Zolkiewski, 2015). To the best of our
knowledge, ours is the first research to unpack the B2B
service recovery journey and investigate the specific
AIs required at each stage for successful human–AI
collaboration.
Two significant contributions arise from this research.

Firstly, it provides empirical evidence that extends the

theory of intelligences (Huang and Rust, 2018; Pan-
tano and Scarpi, 2022) to the B2B context by reveal-
ing the specific AIs required at each stage of the B2B
service recovery journey. Secondly, this research builds
upon work by Van Vaerenbergh et al. (2019). Our re-
search expands on the studies of Van Vaerenbergh et al.
(2019) and Grégoire and Mattila (2021) by identifying
four distinct stages of B2B service recovery based on

© 2024 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British Academy of
Management.
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16 N. Ameen et al.

human–AI collaboration: prediction, detection, during
recovery and post-recovery.
Regarding the technical aspects of AI in organiza-

tions, the successful implementation of AI in B2B ser-
vice recovery relies on machine learning, NLP and data
analytics, tailored to each stage of the service recovery
journey. In the prediction stage, machine learning and
predictive analytics identify patterns and anticipate po-
tential failures. During detection, NLP, speech recogni-
tion, machine learning and chatbots detect issues from
customer interactions. In the recovery stage, recommen-
dation engines, chatbots, predictive analytics systems,
NLP, sentiment analysis systems and ChatGPT provide
personalized solutions. Post-recovery, predictive analyt-
ics, report analysis and chatbots enable continuous im-
provement. Implementing these technologies requires
robust data management and integration. Emerging ap-
proaches like transfer learning and explainable AI can
further enhance AI-driven service recovery across all
stages. However, organizations must navigate techni-
cal challenges, such as the automation–augmentation
paradox (Raisch and Krakowski, 2021), while ensur-
ing seamless integration with existing systems. As AI
advances, organizations must stay abreast of develop-
ments and adopt an iterative approach to harness its full
potential in service recovery.

Managerial implications

This research offers several implications for managers.
Human–AI collaborations in the B2B service recovery
process emerged as crucial for enhancing performance,
especially in firms that strive to provide smart services
while meeting the growing demand for quicker recov-
ery and minimal service failures. By recognizing service
recovery as a journey with four main stages – predic-
tion, detection, recovery and post-recovery – managers
and practitioners can proactively address the specific re-
quirements and objectives of each stage.
Our research highlights that not all AIs hold equal

importance across all stages of the B2B service recov-
ery journey. Consequently, managers should carefully
integrate the appropriate type into each stage to opti-
mize collaboration between AI and practitioners. For
instance, including logic-mathematical AI intelligence
during the detection and recovery stages can enhance
the effectiveness of the recovery process. Similarly, inte-
grating socialAI intelligence into the detection, recovery
and post-recovery stages can foster better interactions
and support for clients.
This research offers practical guidance for managers

aiming to improve B2B service recovery using AI–
human collaboration. By recognizing the needs of each
stage and integrating the appropriate types of AI, orga-

nizations can enhance their service recovery capabilities,
ultimately providing enhanced customer experiences.

Limitations and future research

To address the limitations of this research and guide
future investigations, several areas for further studies
can be identified. While our study primarily focused on
the perspective of service providers, future research can
delve into the client’s viewpoint, specifically examining
the role of different types of AI in achieving client sat-
isfaction during the B2B service recovery process. Fur-
thermore, our results are based on data collected from
managers in China. Future studies can collect data from
other developed and developing countries, and compare
the findings with the findings of this study.

In addition, our study measured managers’ percep-
tions of overall B2B service recovery performance as
the dependent variable. To gain a better understand-
ing, future studies should collect data to assess the im-
pact of various AIs on managers’ perceptions of per-
formance in each of the four stages – prediction, detec-
tion, recovery and post-recovery – as well as overall per-
formance. This granular analysis would not only con-
tribute to a better comprehension of the intricate in-
terplay between AI and human evolution, but also of-
fer valuable insights for managers to refine strategies
and interventions across the entire service recovery spec-
trum. By delving into these aspects, future research can
provide a richer theoretical debate on the evolving role
of different intelligences in B2B service recovery, fos-
tering a deeper understanding of how the synergy be-
tween machines and humans shapes the landscape and
influences managerial perspectives. Finally, future stud-
ies can explore managers’ perceptions of regenerative
AI and quantum computing and the potential of these
technologies in improving B2B service recovery, as well
as the management-related challenges in this context.
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