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ABSTRACT
Many companies are currently investing in artificial intelligence (AI) 
because of its potential to increase customer satisfaction or finan
cial performance. However, the success rates in implementing AI 
systems are low, partly due to technology-centric approaches that 
neglect work practices. This study draws on Bourdieu’s theory of 
practice to highlight the potential power shift related to AI in 
customer relationship management, based on the concepts field, 
capital, and habitus. Two longitudinal case studies were conducted 
to understand the power shift related to AI implementation. These 
two AI systems were designed with the objective to support 
employees. However, subsequently, their implementation changed 
the balance of power with a significant shift towards more manage
ment control, resulting in a devaluation of employees’ work prac
tices. The paper discusses implications for theory and practice in 
terms of the discrepancies and power shifts following the introduc
tion of AI systems to support customer relationship management.
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1 Introduction

Artificial intelligence (AI) systems are increasingly implemented in customer relationship 
management (CRM), resulting in changes to work practices in this area (Frick et al., 2021). 
Indeed, CRM is currently one of the largest and growing market segments for AI applica
tions (IDC, 2020).

AI has the potential to improve salespersons’ and customer service representatives’ 
work by facilitating different tasks, such as price optimisation, forecasting, up-selling, 
cross-selling, lead scoring, and performance management (Antonio, 2018; Benbya et al., 
2020). At the same time, such AI implementation could also have unintended conse
quences related to a shift in power relations within the workplace (Conboy et al., 2021; 
Manley & Williams, 2019).
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Numerous publications about the use of AI in companies focus either on robotics and 
process automation (Adam et al., 2021) or on the link with data analytics in marketing 
(Davenport et al., 2020). However, little attention has been paid to AI’s potential impact on 
the work of salespersons and customer service representatives. Prior research on CRM 
systems has focused on customer data quality (Alshawi et al., 2011), online trust 
(Khosravifar et al., 2012), customer knowledge (Khodakarami & Chan, 2014), infrastructure 
capability (Chuang & Lin, 2013), and organisational learning (Peltier et al., 2013). With the 
rising implementation of AI in CRM, research related to AI’s impact on CRM practices is 
needed (Soltani & Navimipour, 2016). Specifically, research identifying barriers and unin
tended consequences associated with AI-induced changes in organisations is scarce 
(Conboy et al., 2021; Frick et al., 2021). This research gap is significant because AI 
implementation tends to shape new practices that lead to organisational change 
(Benbya et al., 2021) and, in turn, potentially impose impersonal discipline and greater 
control within the workplace (Manley & Williams, 2019; Markus, 1983; Zuboff, 2015).

Previous literature has noted that organisations embed technology adoption in 
a situated context (Ellway & Walsham, 2015; Orlikowski, 2000). In organisations, the 
employees are part of a larger social system, and their work practices are intertwined 
with the organisation’s specific characteristics. In this study, we focus on the power 
change that stems from introducing an AI system to understand to which degree this 
technology facilitates work or reinforces management control over the workers. 
Therefore, this study raises the following research question: What shifts in power relation
ships result from implementing AI systems in sales and customer service practices?

To answer this question, we conducted two case studies examining the implementation 
of two different AI systems in different companies to understand the unintended conse
quences of AI implementation. These companies were selected to highlight the challenges 
of AI implementation in the context of CRM. The first company, a large telecommunication 
company in China (anonymously called Alpha), introduced an AI system for its own 
customer service department. The second company (Sennsee), a high-tech start-up, imple
mented an AI system for sales in three different mid-size client companies representing car 
retailers and real estate companies. These case studies were then analysed by drawing on 
Bourdieu’s theory of practice (Bourdieu, 1998). The theory provides a comprehensive prac
tice-oriented lens that considers power relations in organisational settings (Kumar et al., 
2021; Levina & Orlikowski, 2009). We used this theoretical basis to examine the impact of 
introducing a new AI system in the two cases by considering the relative power positions 
and emerging work patterns of managers and their employees.

This study makes several contributions to research and practice. First, this study con
tributes to prior literature in extending our understanding of how AI is implemented. By 
considering the socio-technical context in which AI is deployed (Benbya et al., 2021; Frick 
et al., 2021), we find that power-related issues can hinder the successful implementation of 
AI systems in CRM or can affect the intended objectives. The proposition that AI systems 
can lead to unintended consequences has been demonstrated in practice (Manyika & 
Sneader, 2018) and received extensive support in the literature related to the impact of 
AI (Benbya et al., 2020; Strich et al., 2021). Researchers seeking to understand the drivers of 
unintended consequences for companies in the context of AI systems will find our study’s 
insights fruitful. Second, we find how implementing new AI systems leads to shifts in power 
relations between the CRM workforce and the management. This shift can involve different 
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kinds of employees’ resources, including their social, economic, cultural, or symbolic 
resources. Therefore, this study contributes to the emerging body of research that explores 
the concept of algorithmic management and its possible relation to extended control over 
employees (Hughes et al., 2019; Manley & Williams, 2019; Schafheitle et al., 2020). 
Companies struggling to capitalise on AI implementation (McKinsey & Company, 2020) 
could use these insights to clarify AI design objectives and to ensure consistency between 
such design and the subsequent implementation and use of AI.

The paper is organised as follows: First, we discuss the existing literature on AI and 
power relations. Second, we relate these discussions to Bourdieu’s practice theory. Third, 
the study introduces the methodology of the field research, and the fourth part gives 
a discussion of the findings. Finally, implications from these findings are outlined for both 
theory and practice.

2 Theoretical background

2.1 Artificial intelligence and power relations

Many companies are interested in implementing AI systems in CRM because they expect 
a positive impact on their growth and profitability (Antonio, 2018; Benbya et al., 2020; Von 
Krogh, 2018). Although CRM systems and automation have been widely studied in 
information systems (IS) literature, AI systems’ unique characteristics distinguish them 
from typical CRM systems used in the sales and customer service domains (Chatterjee 
et al., 2019). First, AI systems have the potential to substitute entire workflow processes, 
not only specific tasks (Strich et al., 2021). Second, an AI system’s ability to learn allows it 
to potentially process more information and derive decisions beyond the employee’s 
cognitive ability (Chatterjee et al., 2019; Faraj et al., 2018). Third, AI systems can lack 
transparency (Bayer et al., 2021) due to the high complexity of the underlying algorithmic 
layers, so that the recommendations or even decision outcomes can remain a ‘black box’ 
to employees (Benbya et al., 2020; Schmidt et al., 2020).

Even if employees appreciate their organisations’ efforts to be at the cutting edge in 
technological advancement and implementing innovative work practices, organisa
tional research finds that employees often believe their companies seek to use AI in 
labour substitution rather than in work enhancement (Amis et al., 2020; Markus, 1983). 
Therefore, power is a relevant concept in the AI context because it can capture whether 
and to what extent an AI system is used according to a substitution or enhancement 
perspective, in other words, for either controlling or empowering workers (Cattaneo & 
Chapman, 2010).

Through automation and, therefore, labour substitution AI can potentially increase 
managers’ control over workers by structuring hierarchies (Benbya et al., 2020; Manyika & 
Sneader, 2018), especially by establishing enhanced supervision and monitoring (Amis 
et al., 2020; Manley & Williams, 2019). Such control might result in an inequality gap 
between high-skilled and low-skilled workers (Amis et al., 2020; Craypo & Cormier, 2000). 
However, AI can also potentially empower CRM workers.
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2.2 A practice-based perspective

The concept of practice is often used in IS independently from exercising power, for 
instance, by Orlikowski (2002), who defines practice as a ‘recurrent, materially bounded 
and situated action engaged in by members of a community’ (Orlikowski, 2002, p. 256). In 
Bourdieu’s theory of practice, the actions actors perform are related to power through the 
concepts of field, capital, and habitus. In this theory, the field is used to conceptualise 
organisations as spaces of relative social positions, in which actors struggle to maintain or 
improve their positions vis-a-vis other actors (Bourdieu, 1998). The field is a conflictual and 
competitive space where ‘hierarchy is continually contested’ by actors depending on their 
power (Bourdieu, 1985, p. 52). In the context of this research, actors include managers and 
their employees,1 whereas the field is the company’s organisational setting.

In Bourdieu’s practice theory, power is assigned to a higher position in the field. Such 
a higher position might be reachable through resources that are conceptualised as 
different forms of capital. In other words, power relies on the relative endowment of 
different forms of capital unequally distributed in the field. Capital endowment is both the 
means to exert power and the stake in the field by which to obtain more influence over 
the other actors. The highest power position is achieved when capital is ‘appropriated on 
a private, i.e. exclusive, basis by agents or groups of agents’ (Bourdieu, 1986, p. 241). The 
field is divided into two categories: those endowed with the right types of capital for 
a particular use and those who are not. The concept of capital, therefore, includes the 
principles of inclusion and exclusion of the field, as actors ‘constantly work to differentiate 
themselves from their closest rivals’ (Bourdieu & Wacquant, 1992, p. 100). Thus, power 
relations are a form of social structure generated and reproduced through the everyday 
practices of actors in the field (Levina & Orlikowski, 2009).

Bourdieu’s practice theory identifies four types of capital, namely economic, cultural, 
social, and symbolic capital. Economic capital relates to the relative control afforded by 
physical and financial resources such as money, access to technology, and time. Cultural 
capital refers to cultural skills such as professional expertise, ownership of information, and 
a university degree (Bourdieu, 1986). Social capital can be defined as actors’ ability to draw 
resources from their networks of interpersonal relations inside or outside organisations, 
including hierarchical positions, friends, family or distant acquaintances (Bourdieu & 
Wacquant, 1992). Finally, symbolic capital refers to the ability to ponder the value of other 
types of capital in the field. It also encompasses the power to classify the social world and 
impose one’s classification principles. Thus, symbolic capital depends on actors’ status and 
‘the degree of accumulated prestige, consecration, or honor’ each has (Bourdieu, 1993, p. 7).

In addition to field and types of capital, a third concept related to power is called 
habitus, which Bourdieu defines as ‘an acquired system of generative schemes objectively 
adjusted to the particular conditions in which it is constituted; the habitus engenders all 
the thoughts, all the perceptions, and all the actions consistent with those conditions, and 
no others’ (Bourdieu, 1977, p. 95). Habitus can be understood as a representation of 
a specific field and its social hierarchy inside an organisation (Kumar et al., 2021). This 
theory understands an individuals’ practices within a given context as influenced by the 
power structures within the specific field, the person’s habitus, and the capital with which 
the individual is endowed (Kumar et al., 2021).

JOURNAL OF DECISION SYSTEMS 545



Therefore, Bourdieu’s practice theory allows us to understand AI implementation in the 
context of a field of power, the relative endowments of the different types of capital, and 
how AI might influence the habitus of both employees and managers. Specifically, 
considering the habitus of employees and managers, AI could change the different capital 
endowments and thereby transform the respective power positions, in other words, the 
field of power.

3 Research method

This section describes the research method, giving an overview of the case studies, the 
research design and process, data collection, data analysis, and data trustworthiness.

The case study approach is well established in the IS literature and a preferred way of 
investigating organisational experience (Tsang, 2014). Case studies have already provided 
many answers in the management context (Eisenhardt & Graebner, 2007) and are parti
cularly suitable for answering why and how questions. They provide researchers with 
insight into new research areas and enable unravelling of underlying dynamic processes 
(Siggelkow, 2007). Accordingly, we chose a case study approach to investigate our 
research question developed in response to the lack of prior research on AI-induced 
power changes in CRM. In the two case studies, the first exploratory phase was conducted 
in an inductive mode, following a qualitative case study design (Eisenhardt & Graebner, 
2007). Our cases are intended to be illustrative (Siggelkow, 2007), particularly considering 
that Bourdieu’s (1977) practice theory is an interpretative framework.

3.1 Introduction of the cases

Due to a dearth of deductive studies in AI and CRM, the companies we studied were not 
chosen to replicate previous cases or extend emergent theory; rather, they were selected 
to fill theoretical categories. Therefore, the choice of each case relied on theoretical 
sampling, not statistical sampling (Glaser & Strauss, 1967). Beyond theoretical sampling, 
the choice was also influenced by the opportunity to access one of the first AI imple
mentation cases in China in a CRM context. The two cases implemented AI systems in 
different sales process stages, namely for supporting sales and customer services. Thus, 
the analysis of two cases enabled us to match findings across cases and to better under
stand the overall context. Before describing the data collection and analysis, we provide 
an overview of each case company and its corresponding AI system.

3.1.1 Alpha
The first case, Alpha, is a large telecom company in China. Alpha strategically decided to 
implement an AI Customer Service Assistant (AI-CS) to improve customer relations. 
Specifically, Alpha focuses on after-sales services, which were suboptimally provided via 
an Internet platform and call centres before the AI-CS introduction. In 2015, the Alpha 
company integrated its initial AI-CS mobile app. It was a semantic algorithm designed to 
help the customer service section solve customer issues through human-machine inter
action. New AI features were added in 2017, namely the Internet AI, the SMS AI, and 
a physical robot. In early 2018, speech recognition was added, and the complete app 
migrated to a service cloud platform. Later in 2018, the company gradually started to 
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initiate interactive voice response and SMS functionality. By December 2018, nearly 200 
service contact points throughout the country used AI-CSs (Internal technical document, 
Alpha). In 2020, Alpha’s AI technology was a cloud platform built on natural language 
understanding, a sub-technology of Natural Language Processing (NLP), speech recogni
tion, as well as text to speech technology, artificial assisted training, training sharing, tier- 
based authorisation systems, vendor management, and service policy management.

3.1.2 Sennsee
The second case comprises an AI system called Sennsee, which is the company’s real name 
derived from the words ‘sense and see’. This study encompasses the AI provider and three 
use cases, i.e. companies using this AI solution. The provider, Sennsee, is a small high-tech 
company in Changsha, Hunan province, China, that develops AI solutions for sales manage
ment. Their business concept is based on NLP, natural language generation, social seman
tics, mobile internet, cloud computing, and big data. When it was founded in 2018, Sennsee 
made a strategic decision to develop an AI Sales Assistant (AI-SA) to improve the perfor
mance of the sales staff from their client companies. Sennsee’s initial AI solution design 
includes hardware and software components. Even though the software is Sennsee’s core 
capability, the hardware is instrumental to the AI-SA’s success. The hardware is a customised 
smartphone manufactured in cooperation with Xiaomi, a leading Chinese mobile phone 
producer. The sales department’s compulsory use of this smartphone for all customer 
communication enables the automatic collection of telephone conversations, WeChat 
messages, and other interactions. All audio data is converted into text and parsed with 
conversations and chat texts. AI models trained for prediction modelling continuously 
analyse the accumulated data and gradually enhance the system’s ability to ‘understand’ 
complex sales situations, which improves prediction accuracy in providing sales support. 
After the data analysis, Sennsee’s AI-SA solution provides algorithmic support for sales 
employees and management, such as delivering increasingly accurate reports, automati
cally allocating business opportunities, and showing total sales positions. These support 
features include call reminders, automatically generated plans and reports, and sales leads 
identified and created with potential customers. Notably, the AI-SA design relies on support 
from the top management at client companies since sales employees’ ability to effectively 
use the smartphone is a necessary requirement to successfully implement the AI.

3.2 Research process

The research process included purposeful sampling, multiple investigators, and multiple 
data collection techniques. We chose informants following the guidelines for purposeful 
sampling (Lincoln & Guba, 1985). In the case of Alpha, the informant’s status included 
different hierarchical levels, and in the case of Sennsee, we considered different compa
nies using the AI system (see, Table 1 and Table 2). Additionally, the study followed the 
principle of data triangulation, combining multiple data collection techniques (Yin, 2009), 
including (1) face-to-face interviews, (2) digital interviews, (3) archival documentation 
analysis, and (4) field observation. The face-to-face interviews were the primary data 
source, with the documentation, phone interviews, and direct observation serving as 
supplementary sources in the triangulation towards a better understanding of the phe
nomena. The following section describes how data was collected.
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3.3 Data collection

3.3.1 Semi-structured interviews
The primary source of data was semi-structured face-to-face, one-to-one interviews con
ducted on the companies’ premises. These premises included the Alpha company’s 
headquarters and, in the case of Sennsee, their headquarters, and different customers’ 
premises. The interviews were conducted by various investigators (Eisenhardt & Graebner, 
2007). In the beginning, multiple semi-structured face-to-face interviews were conducted 
on site. The interviews were structured according to an interview guideline that we 
modified as the research progressed. The initial interview protocol was largely standar
dised across informants, with some adaptation to accommodate different hierarchical 
levels. Subsequent interviews, especially the follow-up digital interviews, became pro
gressively more structured as themes emerged in the data. One such theme was the 
system’s failure to deliver on its promises. These progressively focused interviews allowed 
for targeted data collection in our attempts to identify patterns across informants, as well 
as tentative relations between concepts. In later interviews, we asked informants about AI 
system use dimensions that had developed through the initial interviews. Thus, the 
content of subsequent interviews focused on categories and themes represented in the 
emerging data structure. Table 1 and Table 2 present the list of the respondents. In all, we 
conducted 36 interviews at Alpha and 34 at Sennsee.

In the case of Sennsee, the face-to-face interviews were conducted during a five-day 
period in the city of Changsha (Hunan, China). During the first two days, interviews were 
conducted at the AI technology provider, Sennsee, with managers and employees ran
ging from the CEO and the CTO to a number of salespersons. During the next three days, 
the CEO and CTO drove the research team of two investigators to the settings of their 

Table 1. Interviews related to the Alpha system.

Position

Number of  
years in the 

position

Number of  
years of experience 

(estimation) Schedule
Number of 
interviews

Project manager 8 12 May 2019, face-to-face 7
Operation manager 5 5 May 2019, face-to-face 6
Product manager 7 10 May 2019, face-to-face 5
Vice product manager 2 5 May 2019, face-to-face 3
SMS robot manager 2 5 May 2019, face-to-face 1
IVR robot product manager 3 8 May 2019, face-to-face 1
IVR robot operation manager 4 10 May 2019, face-to-face 1
Real robot product manager 5 8 May 2019, face-to-face 1
Real robot operation manager 6 7 May 2019, face-to-face 1
Database manager 9 12 May 2019, face-to-face 1
CS robot product manager 6 10 May 2019, face-to-face 1
CS robot operation manager 10 17 May 2019, face-to-face 1
Text parsing and QC robot 
product manager

3 7 May 2019, face-to-face 1

Text parsing and QC robot 
operation manager

4 7 May 2019, face-to-face 1

CS manager 10 15 April 2020, digital 1
CS manager 8 8 April 2020, digital 1
CS manager 5 7 April 2020, digital 1
CS manager 3 4 April 2020, digital 1
CS manager 2 10 April 2020, digital 1

Total: 36
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clients, all still located in the city of Changsha. At each client’s premises, the executive 
manager welcomed the research team in his office, where an initial interview of 60 to 
90 minutes was conducted. Next, the executive team introduced salespersons who used 
the AI system to the researchers. Whereas some executives left the research team during 
the interview with the salespersons, in other cases, such as at the Bentley car dealer, the 
executives remained present during this interview. The research team relied on the same 
interview guideline in all cases, starting with open questions and moving to more closed 
questions towards the end of the interview. In the case of Alpha, these face-to-face 
interviews took place during a three-day period in the company’s main building in 
China. After a welcoming meeting that included all the IT team workers, each team 
member met the investigators individually for 60 to 90 minutes in a company office set 
aside for the research project.

Semi-structured interviews were conducted in Chinese by a team of two interviewers in 
the case of Sennsee and a team of three interviewers in the case of Alpha. In each case, 
one researcher handled the interview questions, whereas the other kept a more distant 
view while taking notes and making observations. A third researcher conducted prepara
tory and follow-up interviews before and after the field visit by telephone and WeChat. 
The face-to-face interviews were audio-recorded and transcribed verbatim by the 
research team. In the case of Alpha, the third researcher provided a translation from 
Chinese to English, while a third party provided these translations in the case of Sennsee.

The non-recorded interviews were captured by one researcher making detailed notes 
after the interview. Informants varied in both functional areas and hierarchical levels. To 
minimise an informant’s bias towards our evolving interpretations that could arise from 
interview questions in follow-up interviews, we structured later interviews by identifying 
issues other informants had raised and used terms informants had generated to frame 
questions or general terms.

3.3.2 Documentation and observation
To supplement the primary data source of face-to-face interviews, we collected secondary 
data from other sources. Through archival documentation analysis, we could double- 
check findings against multiple sources and different modes of evidence (Eisenhardt & 
Graebner, 2007; Jick, 1979). In the case of Alpha, the documents included an internal 
description of the system gathered in a PowerPoint document (54 pages) and 
a description of the system’s intended design collected from other complementary 
documents. In the case of Sennsee, the first documentation source was the description 
of the system on the company’s website. Such description was not available in the case of 
Alpha, as they considered their system to be a competitive advantage that they wanted to 
remain secret. In contrast, Sennsee was a start-up eager to promote its AI solution. The 
Sennsee executives provided an additional marketing PowerPoint (15 pages) describing 
the system’s design in detail. This marketing PowerPoint evolved during the study period. 
Also, the CEO and the CTO orally presented this document to the interview team. In both 
cases, all these documents were in Chinese and had to be translated into English by one of 
the researchers. Archival documents also included systems artefacts, such as screenshots 
of the real system, and other contextual material, such as electronic documents related to 
strategic and operational aspects of the company. Our observations were very limited 
despite notes we took during the field visit.
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Overall, the multiplicity of data sources enabled us to compare different constituencies 
and discrepancies among informants to gain additional perspectives on key issues 
(Huberman & Miles, 1994). Specifically, such comparisons revealed the discrepancies 
between the design and the actual use of the AI system on the one hand and between 
the managers’ use as opposed to the salespersons’ and customer service representatives’ 
uses on the other hand.

3.4 Data analysis

In both cases, we conducted data analysis and data collection concurrently, which is in 
accordance with the guidelines established for constant comparison techniques (Glaser & 
Strauss, 1967). Although our study did not achieve an overlap comparable to grounded 
theory, which would have involved a joint collection, coding, and data analysis, we main
tained such an overlap during the study. Thanks to overlap during data collection and data 
analysis, the analysis could start early in the research process and allowed the investigators to 
adapt to specific themes that emerged during the data collection process. Additional adjust
ments were made to the data collection instruments, such as adding questions to the 
interview protocol related to the emerging themes we discovered mainly through interviews 
with clients (corporate customers). This flexibility through controlled openness allowed the 
investigators to take advantage of the uniqueness of a specific case and the emergence of 
new themes (Eisenhardt & Graebner, 2007). These principles provided the basis for clearly 
delineating themes and aggregate dimensions that were not obvious from the beginning. 
The analytic process consisted of three steps, which were to identify first-order concepts, to 
define theoretical categories and subcategories, and to aggregate theoretical dimensions 
(Corley & Gioia, 2004). The data coding is illustrated in Figure 1 and Figure 2 in the appendix, 
which summarises the dimensions, on which we built our results.

3.4.1 First-order concepts
First-order concepts consist of statements and descriptions drawn from the interviews and 
documentation analysis through identifying initial concepts in the data and grouping them 
into categories (Yin, 2009). At this initial stage, the focus was on identifying consistent issues 
and relationships across the data sources (Corley & Gioia, 2004). This phase relied on the 
principle of open coding, using the language informants used or simple descriptive phrases 
as often as possible (Glaser & Strauss, 1967). The next step of this iterative process was to 
systematically compare the emergent frame of the first-order concepts with evidence from 
the field to assess how well it fits with the case data. We followed a two-part process 
involving (1) building evidence that measures the construct in each case and (2) refining the 
definition of the construct. This occurred through comparing data and concepts so that 
accumulated evidence from diverse sources, such as face-to-face interviews, digital inter
views, and documents on a single, well-defined concept, converged (Glaser & Strauss, 1967).

3.4.2 Second-order concepts
In the next stage, the numerous dimensions related to power, as suggested in the first- 
order concepts, are described. This is justified by our reliance on Bourdieu’s practice 
theory (Bourdieu, 1977) as an emergent theoretical framework. Therefore, whereas the 
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first-order concepts were inductive, the second-order concepts were framed by this 
theoretical framework; however, they remained consistent through a rewording of the 
first-order concepts.

3.4.3 Theoretical dimensions
Finally, we aggregated the second-order concepts into theoretical dimensions included in 
Bourdieu’s practice theory, gathering similar themes into several overarching dimensions 
that make up the basis of the theoretical interpretation. These techniques were not linear; 
instead, they formed a recursive, process-oriented, analytic procedure (Locke, 1996) that 
continued until we had a clear grasp of the emerging theoretical relationships, and 
additional interviews failed to reveal new data relationships (Corley & Gioia, 2004).

3.5 Data trustworthiness

We checked the trustworthiness of our data through two processes. First, the data, 
including contact records, interview transcripts, and documents, were stored in 
a database that included the source and type of information. Second, we used peer 
debriefing, which entailed the field researchers engaging the co-authors not involved in 
the field study to discuss emerging data patterns, serving as a sounding board for 
evolving propositions, and soliciting critical questions about the data collection and 
analysis procedures. This provided a means for the field researchers to vet their ideas 
through another researcher, thereby also gaining an outsider’s perspective (Corley & 
Gioia, 2004).

3.6 Overall research process

Despite the consistency of the data gathering with some aspects of grounded theory 
(Corley & Gioia, 2004; Glaser & Strauss, 1967), the overall research process was not 
inductive beyond the first-order concepts, thus it moved towards a positivist case study 
(Yin, 2009) framed by the theoretical concept of Bourdieu’s practice theory (Bourdieu, 
1977). However, throughout the research process, the principles of multiple data collec
tion techniques and multiple investigators helped us to view evidence from diverse 
perspectives. These principles kept the investigators from premature closure in case of 
conflicting perceptions (Eisenhardt & Graebner, 2007). Also, the research process was 
strikingly iterative. It required frequent iteration backward and forward between steps. 
The investigators who conducted interviews on site moved back to redefine the research 
question and gathered additional evidence by means of digital interviews (telephone and 
social media), as well as from additional archived material. Also, the process was char
acterised by a tension between divergence into new ways of understanding the data and 
convergence into the final single theoretical framework of Bourdieu’s practice theory. The 
process centred on the juxtaposition of contradictory or paradoxical evidence in an 
attempt to reconcile evidence across types of data and different investigators to limit 
bias towards investigators’ preconceptions.
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4 Findings and analysis

In this section, we present the results of each case separately. Specifically, the case 
descriptions provide the overall context by illustrating how the AI was implemented 
in each case, focusing on (1) the narrative of AI implementation to enhance the 
work practices of sales and customer service employees, as well as their managers; 
(2) how the AI system was used to monitor and track work practices, and (3) 
the organisational consequences that were reported subsequent to AI 
implementation.

4.1 Case 1: Alpha

4.1.1 Artificial intelligence and support
The executives claimed that they expected the AI system to empower customer service 
representatives. Thus, the AI-CS’s main objectives were to provide employees with 
suggestions, improve efficiency, and enhance service quality (Internal technical docu
ment, p. 9). ‘When the customer calls, the call is connected both to the human customer 
service representative and the AI. The AI will push some knowledge to the customer service 
people for them to provide good support to the customer’ (AI-CS database manager, 
Alpha). This knowledge included a description of the company’s products relevant to 
the customer’s inquiry. As the voice conversation is converted into text, the system is 
able to suggest the response most relevant to the customer. The users are expected to 
indicate whether the recommendation was suitable or not. Therefore, the AI-CS sugges
tions do not overtly impose any imperatives because accepting or rejecting the AI 
suggestions remains the employee’s decision. Based on historical purchasing and con
sumer behaviour, the system provides predictive insight into which products might 
appeal to the customer. The customer’s acceptance or rejection of the predictive insight 
is then recorded by the customer service employee, which enables continuous training 
of the AI-CS.

4.1.2 Artificial intelligence and control
The objectives of implementing the AI were ‘to monitor the customer service employees. 
This includes the speed of speech, the attitude of the employees, and their emotions during 
the calls with the customers’ (CS manager, Alpha). Insufficient contextualisation is evident 
in the automatic control: ‘The system can automatically monitor the service quality of the 
human’ (CS manager, Alpha). Indeed, they created ‘attitude’ as a measure by combining 
the employee’s voice speed and indicators of their emotional presence during the call. 
One of the managers stated, ‘Thanks to the AI, a part of the operations can be tracked [. . .]. If 
the customer service employee’s attitude is not good in all aspects, the AI can send them 
a warning in real time’ (CS manager, Alpha).

The AI-CS helps the management to identify good performers among the customer 
service representatives, as to track their behaviour. The recurrent AI-CS use is related to 
quantifying performance: ‘The AI system can make the employees’ work more quantitative’ 
(CS manager, Alpha). More precisely, the AI-CS is perceived to be ‘helpful for performance 
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appraisal’ and ‘Key Performance Indicators (KPIs) are created from the data collected from 
each customer service employee’ (CS manager, Alpha). Therefore, KPIs facilitate automatic 
performance appraisal.

4.1.3 Organisational consequences
The AI-CS project manager noted: ‘Between what the design intended to achieve and 
the usage, there was a gap, a big gap’ (AI-CS project manager, Alpha). All managers 
agreed that the goal of AI-CS is to reduce the number of employees and thereby 
promote cost-saving: ‘To lift performance by decreasing the number of employees’. One 
manager explained: ‘The objective is to reduce dependence on customer service employ
ees to make up for the [customer] loss rate’ (CS manager, Alpha). We found that only 
cost saving was mentioned as a means of improving performance, with no reference 
to growth or innovation: ‘for the moment the AI requires a lot of manpower for 
training. We increase such investment to meet the requirement of reducing the number 
of customer service representatives’ (CS manager, Alpha). The primary imperative 
seems to be a capital-labour substitution, as ‘AI can replace customer service repre
sentatives at the front-end and in steps toward self-service’ (CS manager, Alpha). The 
manager’s perspective is to gradually cover each step of the process with AI, from 
‘front-end steps’ to ‘self-service steps’. The ‘steps’ of the process take the place of 
situated practices and embodied know-how.

The structural change generated by implementing the AI-CS produced a conflict of 
interests that materialised as user resistance. Managers associate this employee resistance 
with a lack of knowledge, holding that they ‘don’t have enough perception and under
standing [. . . of] the bugs AI generates, which cause extra burdens for them’ (CS manager, 
Alpha). This result suggests that limited consultation took place and managers, therefore, 
possess strategic knowledge about the AI system’s design that employees do not have. 
The AI brought a shift that put managers in a position with a high level of information 
about the AI system.

4.2 Case 2: Sennsee

4.2.1 Artificial intelligence and support
Sennsee’s board of directors predominantly described their AI-SA as providing techno
logical support for ‘the sales team, the service team, especially through the mobile hard
ware’ (CEO, Sennsee). Sennsee’s CTO confirmed that ‘the final aim of our product is to 
support salespersons’ rather than giving more control to the top management. Sennsee’s 
promotional material explicitly states that the AI-SA intention is to support salespersons 
by providing ‘guidance to employees and improving the employees’ work efficiency in 
a sales scenario’ (Marketing document, p. 6). The AI system is ‘a complement, not 
a substitute for the human connection’ (Bentley retailer, salesperson), indicating that 
the salesforce would still enjoy the freedom to overrule or alter the AI-derived outcomes 
and continue their preferred practices to achieve their sales goals. Further, Sennsee AI- 
SA ‘supports phone call recording, WeChat public account recording, QR codes, face-to-face 
scanning, in-batch importing, automatic lead collecting and generating, and turns con
firmed leads into business opportunities’ (Marketing document, p. 7). This feature argu
ably provides benefits and supports salespersons as it optimises the sales pipeline. Also, 
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the AI-SA is designed to optimise the salespersons’ follow-up of each business oppor
tunity through its tracking and learning features: ‘The system helps me to look deeply into 
every customer clue’ (CEO, Bentley retailer). To optimise business opportunities, the 
system can issue reminders: ‘The database will automatically provide the sales team 
with assignments and send reminders’ (CMO, Real estate client), while to customers: 
‘The system assigns the leads from customer calls to the salespersons’ (CEO, Suzuki 
retailer). Managers particularly valued this feature: ‘The automatic task assignment to 
each salesperson presents a real benefit’ (CEO, Bentley retailer).

From the manager’s perspective, AI-SA generates benefits provided the sales 
employees use the Xiaomi phone for all communication. Therefore, they contributed 
to developing a robust data repository that avoids bias and ensures accuracy, 
a feature which managers appreciated because ‘if salespersons enter the data by 
themselves, there will be subjectivity. Now, Xiaomi records its customer conversations’ 
(CEO, Suzuki retailer). The transcribed recordings are entered directly into the data
base without alterations of any kind.

Another feature of the AI-SA includes customer ratings of the sales experience and the 
company: ‘The customer rating is not only useful for the salespeople but also beneficial for 
me’ (CEO, Bentley retailer). Customer evaluations of the salesperson and the company and 
its products are also more reliably stored by AI than by humans: ‘Each employee has their 
individual rating system, especially for the intention to buy, which can be strong or weak, and 
for the planned purchasing time, which can be urgent or reasonable’ (CEO, Bentley retailer). 
This greater accuracy and objectivity support organisational needs for understanding 
sales situations more clearly. However, because the companies implementing the AI-SA 
were fairly small, the data created on evaluations was not large enough for the AI’s 
predictive analytics.

4.2.2 Artificial intelligence and control
The AI-SA enables managers to track their salespersons’ performance. For instance, 
managers are able to determine whether their employees follow up with customers as 
expected and whether or not they follow the appropriate procedures. Overall, the system 
performs an active algorithmic control of the sales workforce: ‘The system supervises the 
salespersons’ behaviours. Did they call or not? Did they follow the required process to talk to 
their customers?’ (CEO, Suzuki retailer). ‘The database is always related to the control 
process’ (CEO, Real estate client). Tracking employees’ activities does not require a large 
dataset for predictive analysis; rather, simple counts of numbers of phone calls, to whom 
they were directed, and how long they lasted are needed. Thus, the AI-SA supports 
tracking, even in the absence of a large dataset for advanced predictive analytics. The 
new system gave managers privileged insight into the work processes: ‘The major merit of 
the system for me [the CEO] is that, within a few minutes, I know what happened and what 
the salespeople talked about [. . .] every day at 6 pm’. (CMO, Suzuki retailer). This enhanced 
visibility is related to performance measurement: ‘The system is used for recording all phone 
calls, in-coming and out-going. Our KPIs depend on this record’ (CMO, Real estate client). 
Because AI-SA tracks multiple behaviours, such as sales figures, transaction numbers, call 
numbers, and frequencies, the system helps identify good performers: ‘The system can 
help the management staff to identify good sales employees’ (CEO, Suzuki retailer).
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Managers began to value data stability, which enabled them to track and protect data, 
even after employees’ departure. Indeed, they justified the AI investment by arguing that 
‘the key issue is to enter the customer information in the database to guard against the risk of 
the employee being hired by competitors’. (CMO, Real estate client). Creating a database 
with proprietary information was considered to add value to the company: ‘The purpose is 
to forbid salespersons to leak their customers to the competitors’ (CMO, Real estate client). If 
employees left the company, they would have to return the Xiaomi phone and all data in 
its storage, such as information about customers and purchase histories.

4.2.3 Organisational consequences
Employees appreciated the automatic data entry and report generation; however, they 
were resistant to the AI-SA system because they perceived it primarily as intended to track 
and monitor their behaviour. Their perception was that management was gathering data 
to prevent them from retaining their customers’ knowledge, if they were to leave the 
company. In general: ‘The salespersons [did] not like this system’ (CEO, Suzuki retailer). For 
this reason, they were not using the system and therefore also not building the large 
dataset required for the AI system’s predictive analytics. This led to weak AI performance 
that could not provide accurate data or appropriate reminders. Further, as the NLP 
application was not able to transcribe phone conversations accurately, this inability to 
parse the audio from the sales calls accurately enough to create a repository of historical 
interactions, contributed to the weak dataset. Part of the reason for this failure was that 
employees often made customer calls from public spaces. Background noise prevented 
the NLP from identifying voices accurately and then to add them to the database in text 
format. Therefore, design features of reasonable data quality and usefulness that were the 
managers’ simple monitoring tools brought about employees’ rejection of the tool. 
Because of the AI’s inadequacy, managers experienced no improved sales performance 
that could be ascribed to implementing this AI-SA, therefore, they let their AI-SA contracts 
expire.

4.3 Cross-Case analysis

This section provides a cross-case analysis based on the theoretical perspective of 
Bourdieu’s theory of practice. This theory includes the dimensions of field, capital, and 
habitus (see, Table 3).

4.3.1 Field

In both cases, the field of power was structured through the second-order concept of 
information asymmetry. Whereas managers have access to a higher level of information 
on their employees’ work, employees do not have access to the same information about 
themselves. The managers in Alpha explain that the AI system ‘can make work more 
quantitative’ (Manager, Alpha) and this system can ‘automatically monitor the service 
quality’ (Manager, Alpha). Such an information asymmetry also occurs in the case of the 
Sennsee system, but through another aspect, namely through data entry. The Sennsee 
system allows managers to directly access the salespersons’ conversations through an 
automatic recording of their voice on the Xiaomi cellphone, which is then automatically 
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transcribed into text and then converted to quantitative data. One of the clients claimed 
that the system reduces the ‘subjectivity’ compared to the previous situation in which 
salespersons ‘enter the data by themselves’ (CEO, Suzuki retailer). In both cases, this 
information asymmetry, where the AI system reinforces the visibility of employees for 
managers while creating opacity between employees and managers, contributes to 
increasing power asymmetry. This, in turn, contributes to increasing tensions between 
employees and managers in the field.

In contrast, a distinction between the two cases is introduced through the second-order 
concept of diverging interests versus the second-order concept of process standardisation. 
In Alpha, the manager indicated their interest in the AI was to ‘decrease the number of 
employees’ and to ‘replace the customer service representatives at the front-end’ by the AI. 
Such a divergence of interests between managers and employees reinforced the tensions 
in the field of power. For the Sennsee system, however, no manager of a user company 
expressed such an interest. Rather, they all indicated an objective of the system was to 
force the employees to ‘follow the required process’ (CEO, Suzuki retailer) or to relate the AI 
database to ‘the control process’ (CEO, Real estate client).

4.3.2 Capital
The similarity between the two cases lies in the symbolic capital AI could bring. In both 
cases, managers use the AI system for classifying employees and evaluating what and 
who the good practices and/or the good employees are. In the case of Sennsee, these 
employees are believed to be the ‘good sales employees’ (CEO, Suzuki retailer), or in the 
case of Alpha, they recognised such employees through right ‘attitudes’ and ‘emotions 
during a call with a customer’ (Manager, Alpha).

Table 3. Cross-case analysis.

Concept
Similarities and 

Differences Alpha Sennsee

Field Information 
asymmetry

The AI provides managers with information about their employees, to which the 
employees do not have access.

Diverging interests Labour substitution: replacing 
employees with the AI system.

Process standardisation: controlling, but not 
replacing the employees with the AI 
system.

Capital Symbolic capital All managers evaluate the employees, rating them in terms of the measurable 
quality of their work.

Social capital Both social capital and cultural 
capital are less important than 
economic capital.

Social capital in the form of customer data 
collected by the employees is the most 
valuable asset to be stored in the AI 
system.

Cultural capital Both social capital and cultural 
capital are less important than 
economic capital.

Cultural capital in the form of skills or 
qualifications is neglected compared to 
social capital (customer relationships).

Economic capital The AI system is aimed to provide 
savings by replacing employees 
with the system’s functions.

No discussion of cost saving through 
employee replacement.

Habitus Control Managers’ habitus to control employees.
Value of employees Managers’ habitus to not consider employees as valuable in comparison to other 

assets.
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The difference between the two cases is related to social capital, cultural capital, 
and economic capital. In Alpha, the social capital, i.e. the data from customers, is 
the most valuable asset. Yet, both social capital and cultural capital are less 
important than economic capital. The aim of the AI is to reduce the number of 
customer service representatives, regardless of their competence in the cultural 
capital perspective or their customer connections in the social capital perspective. 
Only economic capital matters, represented in this case by cost savings. In contrast, 
the Sennsee AI system remains devoted to ‘identify the good sales employees’ 
(CEO, Suzuki retailer), and them being hired by a competitor would represent 
a loss for the client companies.

4.3.3 Habitus
The habitus is similar in the two cases. Both for Alpha and Sennsee, the AI is used for 
monitoring or recording the workers, either by ‘monitoring the service quality’ (Manager, 
Alpha) or ‘recording all phone calls’ (CMO, real estate client); therefore, by reproducing the 
managers’ habitus to control the workers. Also, both cases use the AI either for ‘reducing 
the dependence on customer service representatives’ (Manager, Alpha) or for conducting 
‘automatic task assignment to each salesperson’ (CEO, Bentley retailer).

5 Discussion, implications, and future research

This study’s objective was to investigate the change in power relations that occurs due to 
the implementation of an AI system. Narratives related to the implementation of two AI 
systems in different companies that used the AI system in CRM have been collected and 
represented. We identified a discrepancy between the AI systems’ objectives and their 
actual use. The AI objectives were related to the design of the system, either in design 
documents at Alpha or according to the AI provider for the Sennsee system. Although 
these objectives were purported to support employees, either salespersons at Sennsee or 
customer service representatives at Alpha, their actual use by the managers increased 
management’s control over employees. Therefore, in both cases, the AI implementation 
resulted in a power shift from employees to managers.

The case studies provided insight into the unintended consequences AI systems have 
in facilitating sales and customer services. Initially, the AI systems were introduced as 
a tool for enhancing and supporting work practices, such as automating technical and 
repetitive tasks so that employees could focus on more value-adding actions such as 
communicating with customers, either for selling or for solving customers’ problems. 
However, the analysis of managers’ and employees’ practices in the post- 
implementation period revealed that the AI implementation strengthened managers’ 
authority and control.

The theory of practice provided a conceptual framework for interpreting this 
power shift. The cases point to unintended consequences of introducing AI systems, 
namely a power imbalance and an unwanted authority shift due to reinforcing 
management control. Indeed, the AI system allowed managers to automatically 
send feedback to their employees (Morris & Venkatesh, 2010) and flag those who 
caused bottlenecks or who were underperforming (Faraj et al., 2017). Consequently, 
the AI system enhanced managers’ symbolic capital. They could then set even more 
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detailed assessment criteria according to which work performance would be mea
sured. Hence, the AI feedback could be based on analysing how fast employees 
talked and displayed emotions during their interaction with the customer. Thus, they 
were assessed according to criteria beyond their control (Bajwa et al., 2018). This 
asymmetrical endowment of symbolic capital produced a loss of employees’ auton
omy and motivation in the CRM departments as they faced constant pressure to 
maintain high ratings (Ellmer & Reichel, 2018).

Further, the case studies provide an example of organisational consequences consis
tent with the concept of the datafication related to AI (Schafheitle et al., 2020; Zuboff, 
2015). However, this concept was developed at the individual level, while it was applied at 
the organisational level in this study. As employees’ skills are gradually converted into 
data, AI facilitates work becoming a commodity that can be outsourced. In the case of 
Sennsee, datafication created a power imbalance as employees’ social capital (contact 
with customers) was considered the main asset AI had to protect. Therefore, AI neglected 
the cultural capital related to the employees’ skills. At Alpha, both cultural and social 
capital were neglected in comparison to a unique focus on economic capital. Using the 
system was related to cost reduction through substituting labour with AI (Amis et al., 
2020). Because of their reduced power in the field, employees had no choice but to 
consent to the information asymmetries and the monitoring embedded in the AI system 
(Anderson, 2017). The impersonal control enabled by AI algorithms reinforces this infor
mation asymmetry by providing additional affordances to managers. Thus, in our case 
studies, managers found AI to be ideal for strengthening their authority since their focus is 
to monitor and control employees’ activities.

Managers perceived AI as a potential instrument to reduce the value of the workforce. 
Through the AI system, a part of the CRM work becomes a commodity (Schultze & Boland, 
2000), and employees become fungible human capital, who are legible, controllable, and 
available on-demand (Aneesh, 2009). As the AI system undermined employees’ ability to 
maintain social and cultural capital in the field, this inevitably led to low acceptance of the 
system, low participation in training the new AI, and ultimately to failure of the imple
mentation. To reduce the implementation failure risk, managers could openly state their 
implementation objectives (Schmidt et al., 2020). Questions arise as to whether the 
organisation seeks to reduce the workforce or to empower it. Although AI is often 
understood as a substitution for workers, another perspective refers to symbiosis or 
enhancement based on the assumption that AI can support rather than replace workers 
(Winograd, 2006). As the case studies illustrate, AI seems to be better indicated for work 
enhancement than for labour substitution. However, such an enhancement view of AI 
should also be shared by managers, whose interests may, opposingly, be oriented 
towards substitution. Therefore, Bourdieu’s practice theory might bring a promising 
perspective to better understand power relationships and ultimately improve AI imple
mentation success.

5.1 Implications for research

This study’s major contribution is its description of how different AI implementations 
contribute to power shifts between managers and employees in the workplace. From 
a theoretical standpoint, this research contributes to introducing the concepts of 
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field, capital, and habitus in the study of AI implementation. Our first contribution to 
research is to highlight the way the concept of field might help to better understand 
AI implementation. In this study, information asymmetry is understood as related to 
power differences between different actors involved in AI implementation, here 
between employees and the management team. The field of power includes different 
aspects, such as either diverging interests or process standardisation to control the 
employees. The second contribution this research makes, is to show how different 
types of capital might or might not be involved in AI implementation. Whereas 
symbolic capital is common in the two cases through the power of naming that 
the management team uses for classifying and evaluating the employees, the other 
types of capital differ across the two cases. In one case, social capital, related to 
customer information owned by the salespersons, is considered the company’s most 
valuable asset. This leads to neglect of the cultural capital represented in the sales
persons’ skills. In the other case, the most important capital seems to be the 
economic capital gained by using the AI system for cost reduction through labour 
substitution. This focus on economic capital eclipsed the value assigned to both the 
social capital and the cultural capital of the employees. Our third research contribu
tion is to show how the concept of habitus enables a better investigation of 
managers’ behaviour during AI implementation. In both cases, the managers’ habitus 
is reflected in the use of AI, which shows up their lacking consideration for employ
ees and how the managers control them.

5.2 Implications for practice

From a practical standpoint, these cases suggest we should reconsider the concept of 
resistance to change when it comes to AI implementation. Since a common reason for IS 
failure is low levels of user participation, managers should encourage participation by their 
understanding of employees’ perceptions and behaviour, which could anticipate implemen
tation problems (Huang et al., 2001). The first practical contribution is an indication that AI 
implementation teams should highlight how, compared to systems mainly oriented towards 
control, such as ERPs (Kumar et al., 2021; Lapointe & Rivard, 2005), AI has the potential either 
to control, or in contrast, to support employees. The second practical contribution is to 
underline that the distinction between AI and Enterprise Systems lies in the AI potential for 
labour substitution that can result in massive workforce reduction, as described in the 
literature related to the dark side of AI (Benbya et al., 2020; Conboy et al., 2021; Frick et al., 
2021). In both case studies, considering the AI implementation based on Bourdieu’s practice 
theory allowed us to relate the success or failure of AI implementation not to resistance to 
change, but to power shifts. The third practical contribution is to illustrate that if the initial AI 
system’s design is maintained throughout the implementation, the system has the potential 
to enhance the employees’ work, reducing their resistance to change in such situations. The 
fourth practical contribution is our indication that the AI design teams or AI providers should 
attempt to avoid the effect of the management team’s habitus that seeks to control 
employees. Such habitus seemed to emerge during the implementation in both cases, either 
in the Alpha company or in the Sennsee customer companies.
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5.3 Limitations and further research

This research was limited to the description of two case study companies. These companies 
and their client companies were all based in China, currently described as an ‘AI super
power’ (Milmo, 2022) and the potential global leader in AI (Li et al., 2021). Hence, our 
conclusions might not apply to other organisations or contexts. However, we believe that 
the lessons learned in this study could also be useful to other organisations seeking to 
embark on developing and implementing AI systems. Since AI is a highly progressive 
research field, organisational approaches and employees’ reactions are likely to be dynamic. 
Therefore, this work suggests research directions by relying on Bourdieu’s concepts of field, 
capital, and habitus to understand the practices embedded in complex settings in which 
actors are competitively involved in power distribution. Thus, further research should 
expand the study to investigate AI implementation considered as a power shift. Including 
the analysis of field, capital, and habitus prior to implementation could contribute to 
increasing AI implementation success and, hopefully, to empower employees through AI.

6 Conclusion

The two cases show that managers could use AI within a control perspective and even 
a substitution perspective, which was quite unexpected as the design narrative high
lighted empowerment and enhancement. The incongruence between the AI system’s 
design and its implementation to monitor and track employees led to user resistance. An 
analysis based on Bourdieu’s theory of practice might highlight these potential incon
gruences at the design stage and hopefully avoid them during the implementation.

Note

1. In this paper we use the term employee to refer to subordinates, whereas the term manager 
and management is used to indicate their higher hierarchical position within the 
organisation.
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Appendix

Figure 1. Data coding (Alpha case).

Figure 2. Data coding (Sennsee case).
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