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Abstract 

This paper addresses the growing prominence of Artificial Intelligence in B2B software 
investing and the pressing need for effective AI implementation. Despite the immense 
potential, evidence shows that most AI initiatives fail. To bridge this gap, this study 
introduces a B2B sales AI maturity model, leveraging the structured framework of 
maturity models to help firms prepare for AI adoption. Drawing from the Design Science 
Research process, the study elaborates on the development of the maturity model through 
iterative stages, encompassing, for example, a literature review, expert interviews, and 
case studies. The goal is to enable firms to assess their AI implementation maturity and 
identify areas for enhancement to effectively integrate AI into their sales functions. The 
paper highlights the need for a robust framework tailored to AI in B2B sales and 
highlights the contributions and potential impact of the research on reshaping B2B sales 
practices in the AI era. 

Keywords:  maturity model, B2B, sales, artificial intelligence, design science research 

Introduction 

Venture capitalists suggest that, nowadays, ‘basically all’ B2B software investing focuses on Artificial 
Intelligence (AI), and recent research by Goldman Sachs predicts that investments in AI could approach 
$250 billion globally by 2025. At the same time, survey evidence suggests that the majority of AI initiatives 
fail (van Giffen and Ludwig, 2023). Field experts argue that many firms are simply not ready for AI and 
that, unless a company’s information systems are prepared for AI, the promises of AI vendors are unlikely 
to deliver (Early and Bennoff 2020). Hence, for firms to make efficient investments in AI, it becomes crucial 
to better understand their own maturity for implementing AI (Holmström 2022). In this study, we develop 
a maturity model for AI in B2B sales to help firms refine and adopt AI.  

A maturity model is a structured framework that helps organizations assess and improve their processes, 
capabilities, and overall performance in a particular area (de Bruin et al. 2005; Fisher 2004). It describes a 
series of development stages or phases that must be passed through to move from an initial state to a target 
state, thereby providing a way to measure and understand an organization's current maturity state (Becker 
et al. 2009; de Bruin et al. 2005). For example, large corporations like IBM use maturity models to 
understand the current state of their customers and define development goals (IBM, n.d.). One of the most 
well-known and used maturity models is the Capability Maturity Model Integration (CMMI) (CMMI 
Product Team, 2010), developed in the late 1990s. It provides a structured approach to assessing and 
improving an organization's processes, with the goal of enhancing the quality, efficiency, and effectiveness 
of their products and services, and has been successfully applied in various organizations since.   While 
firms make large investments into AI, the literature provides only little guidance on how to assess firms' 
maturity in regard to the unique challenges of AI implementations in a B2B context. 
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AI systems can add value to many types and areas of companies (Desouza et al. 2020), whereas B2B sales 
poses a particularly beneficial opportunity (Paschen et al. 2020). AI can affect every step of the sales process 
(Paschen et al., 2020), and therefore offers numerous opportunities to improve efficiency and effectiveness 
and help companies increase revenue (Chen and Lu 2017; Rodríguez et al. 2020). For example, sales 
employees can use AI to collect and analyze data about competitors' offers and strategies, create customer 
profiles, predict buying behavior, and create personalized offers and branding campaigns (Andzulis et al. 
2012, Itani et al. 2017). Therefore, it seems evident that AI will change B2B sales (Paschen et al. 2020). 
Although AI is likely to have a substantial impact on B2B sales, the absence of guidelines and specifications 
poses hurdles for managers to implement AI. A maturity model aims to facilitate this process by providing 
a structured framework that assesses firms' readiness to implement AI and guides it along this way 
(Martínez-López and Casillas 2013). Therefore, scholarly work is needed in this area in particular to provide 
a supportive understanding (Singh et al. 2019).  

Therefore, this research aims to explore the research questions "What are critical factors and prerequisites 
for AI implementation in a company's B2B sales process?" and "What are different maturity levels of AI 
implementation in B2B sales processes?".  

In this paper, we develop an empirically grounded maturity model for AI in B2B sales, using the Design 
Science Research (DSR) process of Sonnenberg and vom Brocke (2012).  The goal of the maturity model is 
to enable companies to determine their own maturity level for the implementation of AI in their sales 
processes, identify optimization potential, and increase their ability to successfully adopt AI within their 
sales departments. The developed maturity model is based on a comprehensive literature review and a 
survey of experts and practitioners in sales. As part of the DSR process, we iteratively carried out an eight-
step process for developing the maturity model, including several evaluations.  

The remainder of the paper is structured as follows. The next chapter provides an overview of the current 
state of research on the topic of AI in sales and the essential basics of maturity models. The following chapter 
describes the development of the maturity model, by explaining each step and describing the results 
obtained immediately afterward to ensure understandability of the complex process of development and 
evaluation. Afterward, we present the final maturity model and the results of its application in four case 
studies. We then summarize and discuss the results and conclude the paper with the limitations of our 
research. 

Research Background 

AI in B2B Sales 

In recent times, AI has increasingly emerged as a promising technology for B2B sales. AI has the capability 
to process and analyze vast amounts of data, extract insights, and automate decision-making processes. 
Despite AI's recognized potential in B2B sales and many other industries and applications, the definition of 
AI in the literature lacks consensus. Various definitions emphasize the ability to imitate human-like 
behavior or replicate cognitive processes, but no unified definition exists. In this study, we adopt the 
definition of Paschen et al. (2020), who define AI in a B2B sales context as “information systems that act 
rationally based on the information available to them in order to solve problems” (p. 405). A growing 
number of studies on the use of AI in B2B sales have shown that AI can create value in various steps of the 
B2B sales process (e. g., Alavi and Habel 2021; Bongers et al. 2021; Singh et al. 2019).  Referring to the 
established seven-step sales process of acquisition, preparation, approach, presentation, handling 
objections, closing, and follow-up (Dubinsky 1981; Homburg et al. 2011), Paschen et al. (2020) show that 
AI can support humans in every step of the sales process and can even take over some of the tasks 
completely. Tasks such as lead generation, lead scoring, creating personalized offers, predicting future 
customer behavior and emerging trends, and identifying new business opportunities have the potential to 
be automated fully through the usage of AI (Kumar et al. 2021; Syam and Sharma 2018). Apart from the 
opportunity to automate these tasks, the salesperson remains crucial for fostering interpersonal 
relationships and engaging in personal interaction with customers (Alavi and Habel 2021). One of the 
significant advantages of using AI is that it allows salespeople to allocate their time more efficiently. AI, one 
the one hand, can takes over repetitive, data-intensive, and time-consuming tasks while at the same time 
providing salespeople with the relevant information at the right time (Bongers et al. 2021; Rodríguez et al. 
2020; Singh et al. 2019).  
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The opportunities AI offers have led to increased interest in the implementation of AI into B2B sales 
practices to improve sales performance, enhance customer interactions, and gain a competitive edge (Syam 
and Sharma 2018). Despite the recognized potential of AI in B2B sales, the successful implementation of 
AI remains a challenge for many companies. B2B sales often involve high-value deals and complex decision-
making processes that require human judgment, intuition, and relationship-building skills (Paschen et al. 
2020). Sales professionals rely on their experience, negotiation skills, and interpersonal interactions to 
understand customer needs, build trust, and close deals (Bongers et al. 2021). Replicating these complex 
human behaviors and decision-making processes accurately in AI algorithms is challenging, however, it is 
even more difficult to ensure the acceptance of these technologies so that they are actually used in sales 
(Alavi and Habel 2021). Furthermore, B2B sales data can be complex, heterogeneous, and dispersed across 
various sources, and external databases. Ensuring data quality, integration, and accessibility for AI 
applications can be a significant challenge, as it may involve dealing with unstructured data, data 
inconsistencies, and data privacy concerns (Mikalef and Gupta 2021). AI algorithms rely heavily on data 
quality and availability to train and optimize their models (Nda et al. 2020), making data management a 
critical factor in successful AI implementation in B2B sales. Additionally, implementing AI in B2B sales 
may require organizational processes, structures, and cultural changes. Organizational readiness can be a 
significant challenge in AI implementation in B2B sales, as it requires alignment across different parts of 
the organization. Since Wengler et al. (2021) have already found the aspects 'human', 'process' and 'data' to 
be main success factors of digital transformation in B2B sales, it seems natural that they will also play a 
significant role in the implementation of much more sophisticated solutions like AI.  In addition, studies 
focusing on AI have shown that data analysis and the required infrastructure are also particularly crucial 
for AI implementation (Alsheibani et al. 2019; Wright and Donaldson 2002). In the context of AI 
implementation, technologies related to data analysis and infrastructure thus represent another essential 
factor (Mikalef and Gupta 2021; Nda et al. 2020). Another challenging factor comes in the differing levels 
of automation AI solutions for B2B sales can entail. While simpler solutions focus on data analysis, 
descriptive knowledge, more sophisticated systems can offer predictive or predictive knowledge. These 
kinds of systems might predict customer behavior and, in turn, prescribe actions to salespeople. The 
differing degree of possible automation then poses unique challenges to organizational processes and 
demands differing degrees of acceptance from salespeople. 

Maturity Model 

Maturity models are a particular class of reference models that deal with the developmental process of 
organizations. The concept of maturity models gained popularity with the publication of the CMMI in the 
late 1980s in the field of software development (Humphrey 1988). The model was further developed into 
the CMMI in the late 1990s and is one of the most well-known maturity models, along with Software Process 
Improvement and Capability Determination (SPICE) (Ahern et al. 2003). Maturity models are widely used 
in software development and IT management (Becker et al. 2009). A maturity model includes a sequence 
of maturity levels that represent the expected, desired, or typical development path of a class of objects. 
These objects are typically organizations or processes (Becker et al. 2009). The maturity model is used to 
determine the current maturity with the help of criteria and characteristics. This enables organizations to 
make an objective assessment of the as-is situation (de Bruin et al. 2005) and to derive possible actions to 
increase their maturity (Ahern et al. 2003; Iversen et al. 1999; Paulk et al. 1993).  

According to de Bruin et al. (2005), maturity models can be divided into descriptive, prescriptive and 
comparative models. Descriptive maturity models survey the current situation in an organization. This form 
of maturity models is the most common and is often used as a diagnostic tool by management consultancies 
(Canetta et al. 2018). Compared to descriptive models, prescriptive maturity models provide concrete 
recommendations for action to improve maturity based on the current situation (de Bruin et al. 2005). The 
goal of a comparative maturity model is to be able to make comparisons and benchmarks of different 
organizational units or companies in an industry or region (de Bruin et al. 2005). The three types of 
maturity models are not mutually exclusive but can be run through as phases one after the other (de Bruin 
et al. 2005). According to Fraser et al. (2002), there are six criteria that a maturity model should include. 
These are (1) the number of stages or maturity levels, (2) a keyword or descriptor for each level, (3) a 
description or summary of each level, (4) a number of dimensions relevant in the context (e.g., capabilities, 
technologies, etc.), (5) a number of sub-dimensions describing the dimensions in more detail, and (6) a 
description of the characteristics of each individual sub-dimension. For the development of maturity 
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models Becker et al. (2009) define eight requirements (R), namely: Comparison with existing maturity 
models (R1), iterative procedure (R2), evaluation (R3), multi-methodological procedure (P4), identification 
of problem relevance (R5), problem definition (R6), targeted presentation of results (R7), scientific 
documentation (R8). 

Development of the Maturity Model 

The development of the maturity model is guided by the DSR paradigm. DSR is a systematic approach that 
focuses on solving real-world problems (Hevner et al. 2004). The typical DSR approach is characterized by 
the practical application of scientific principles and the creation of design knowledge. The creation of design 
knowledge takes place in the form of artifacts that serve a specific purpose (Gregor and Hevner 2013). 
Artifacts are objects, processes or services that have been created through DSR (Goldkuhl 2002). In this 
context, the artifact to be developed represents the maturity model. To develop the maturity model for AI 
in sales, the DSR approach of Sonnenberg and vom Brocke (2012), in combination with the established 
requirements for the development of a maturity model by Becker et al. (2009), was applied. Figure 1 shows 
the combination of these two methodological bases. In the middle, the DSR process of Sonnenberg and vom 
Brocke (2012) can be seen. R1 to R8 stands for the eight requirements to be considered for the development 
of a maturity model, according to Becker et al. (2009). Various methods were used to develop the artifact, 
as shown in Figure 1. The participants in each study differed from each other throughout. Except for 
Evaluation 4, the same people who used the maturity model in the use phase were interviewed. 

 

Figure 1: Research approach 

Identify Problem and Evaluation 1 

In the first step (identify problem) of the DSR process, the research gap was defined. This gap was 
underscored in the introduction through relevant literature, highlighting the challenge companies face due 
to the absence of clear guidelines for new technology implementation, especially in the context of AI tools 
in B2B sales. Possible applications of AI in B2B sales and the necessary prerequisites for implementation 
are uncertain. This research gap was then reviewed in the context of Evaluation 1 to determine its practical 
relevance. For this purpose, we conducted interviews with six experts from B2B sales, both sales employees 
and sales managers. Their in-depth industry experience provides a practical lens through which to evaluate 
the challenges of implementing new technologies, such as AI, in B2B sales. Their insights offer real-world 
perspectives on the lack of guidelines and specifications, illuminating the gap's tangible impact on sales 
operations. The B2B experts were recruited via personal contacts as well as LinkedIn. Interviews were 
conducted using a semi-structured guide and recorded. The first part of the interviews consisted of 
determining which tools and systems are currently used to support sales. In addition, the sales employees 
were asked about changes due to digitalization and the systematic collection of data. Finally, the interview 
focused on existing challenges and the future of sales. The interviews unanimously reinforced the need for 
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tangible guidelines and specifications, particularly those outlining the prerequisites for successful AI 
integration.  For example, one expert commented as follows: 

“We don't know anything about it yet. So when we talk about the use of AI in sales, we as a company 
would first have to look at where we stand. I mean, what are the prerequisites for implementation? I know 
you need a lot of data, but otherwise, for us, this is all new.” 

Design and Evaluation 2 

In the process step “Design”, we conducted a literature search for existing maturity models. Here, we 
searched for maturity models related to AI, digital transformation, or Industry 4.0. The aim of the search 
was to derive relevant main and sub-dimensions for the development of the maturity model and to compare 
the approach of the identified models. In addition to the generally very well-known maturity models (CMMI 
and ISO/IEC 15504), we were able to identify a further 17 models, which are shown in Table 1. 

Study Author Title Journal/Conference/Book 

1 De Carolis et al. 
(2017) 

Guiding Manufacturing Companies Towards 
Digitalization (DREAMY) 

International Conference on Engineering, 
Technology and Innovation (ICE/ITMC) 

2 Colli et al. (2018) Contextualizing the outcome of a maturity 
assessment for Industry 4.0 

IFAC-PapersOnLine 

3 Berghaus and Back 
(2016) 

Stages in Digital Business Transformation: 
Results of an Empirical Maturity Study 

Mediterranean Conference on Information 
Systems (MCIS) 

4 Canetta et al. (2018) Development of a Digitalization Maturity 
Model for the Manufacturing Sector 

2018 IEEE International Conference on 
Engineering, Technology and Innovation 
(ICE/ITMC) 

5 Schumacher et al. 
(2016) 

A Maturity Model for Assessing Industry 4.0 
Readiness and Maturity of Manufacturing 
Enterprises 

Procedia of the International Academy for 
Production Engineering (CIRP) 

6 Jung et al. (2016) An Overview of a Smart Manufacturing System 
Readiness Assessment 

International Conference on Advances in 
Production Management Systems 

7 Leyh et al. (2016) SIMMI 4.0 – A Maturity Model for Classi-fying 
the Enterprise-wide IT and Software 
Landscape Focusing on Industry 4.0 

Federated Conference on Computer Science 
and Information Systems 

8 Gökalp et al. (2017) Development of an Assessment Model for 
Industry 4.0: Industry 4.0-MM 

International Conference on Software 
Process Improvement and Capability 
Determination 

9 Gentsch (2019) AI business: framework and maturity model Palgrave Macmillan 

10 Kreutzer and 
Sirrenberg (2020) 

Understanding Artificial Intelligence: 
Fundamentals, Use Cases and Methods for a 
Corporate AI Journey 

Springer International Publishing 

11 Saari et al. (2019) AI Maturity Web Tool Helps Organisations 
Proceed with AI 

VTT White Paper 

12 Coates and Martin 
(2019) 

An instrument to evaluate the maturity of bias 
governance capability in artificial intelligence 
projects 

IBM Journal of Research and Development 

13 Abele and D'Onofrio 
(2020) 

Artificial intelligence – the big picture Springer Vieweg 

14 Lichtenthaler 
(2020) 

Five maturity levels of managing AI: from 
isolated ignorance to integrated intelligence 

Journal of Innovation Management 

15 Yablonsky (2019) Multidimensional data-driven artificial 
intelligence innovation 

Technology Innovation Management Review 

16 Burgess (2018) Starting an AI journey Springer International Publishing 

17 Alsheibani et al. 
(2019) 

Towards an artificial intelligence maturity 
model: from science fiction to business facts 

Pacific Asia Conference on Information 
System (PACIS) 

Table 1: Analyzed maturity models from the literature 
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We examined the maturity models using criteria and characteristics from literature. In their study, Sadiq et 
al. (2021) provided an overview of such characteristics, which we applied in this study. The first criterion 
analyzes whether a new maturity model was developed or an existing one was validated or applied in the 
study. The criterion (two) "scope" refers to the object of study and the level of analysis that are the focus of 
the maturity model. The methodological approach of the study is elaborated in criterion three. Criterion 
four refers to the design approach chosen in developing the maturity model. A distinction is made here 
between the top-down and bottom-up approaches (de Bruin et al. 2005). Another criterion is the 
architecture (criterion five) of the maturity models examined. Criterion six relates to the purpose of use, 
whereby a distinction can be made between descriptive, prescriptive, and comparative. In the context of 
typology (criterion seven), the type of measurement instrument is analyzed. The last criterion (eight) 
considers the individual components, such as levels and dimensions of the maturity models. According to 
Becker et al. (2009), the design strategy of the maturity model to be developed should also be derived from 
the comparison of existing maturity models. Since the analyzed maturity level models from the literature 
do not focus on the sales organization and/or have not been developed in sufficient detail and on a scientific 
basis, we decided to develop a new maturity level model for the design strategy.  

Previous literature has shown that the areas of "human", "process", "data" and "technologies", play a central 
role in the implementation of digital technologies (e.g. Wengler et al. 2021). We therefore assume that for 
the implementation of AI, an even more sophisticated technology, these areas will also be main success 
factors. Based on this assumption, we examined the dimensions of the analyzed maturity models with 
regard to these four areas. We found that significant parts of the models we analyzed overlap with these 
areas. Hence, for the maturity model we develop in this study, we defined “Human”, “Process”, “Data” and 
“Technology” as the four main dimensions for the maturity model we develop in this study. In addition, we 
analyzed the sub-dimensions specified in the maturity models from the literature. Table 2 shows the main 
dimensions and the sub-dimensions we derived from the respective maturity models. 

Main dimension Sub-dimension Reference 

Technology 
Infrastructure 

Alsheibani et al. (2019), Berghaus and Back (2016), Canetta et al. (2018), Colli 
et al. (2018), De Carolis et al. (2017), Gökalp et al. (2017), Jung et al. (2016), 
Saari et al. (2019), Schumacher et al. (2016) 

Data analysis Berghaus and Back (2016), Colli et al. (2018), Gentsch (2019) 

Data 

Data collection 
Alsheibani et al. (2019), Berghaus and Back (2016), Coates and Martin (2019), 
Gentsch (2019), Gökalp et al. (2017), Saari et al. (2019) 

Data retrievability 
Alsheibani et al. (2019), Coates and Martin (2019), Gökalp et al. (2017), Saari et 
al. (2019) 

Data storage Alsheibani et al. (2019), Colli et al. (2018), Gentsch (2019), Gökalp et al. (2017) 

Human 

Attitude 
Berghaus and Back (2016), Colli et al. (2018), Gentsch (2019), Schumacher et al. 
(2016) 

Competence 
Alsheibani et al. (2019), Berghaus and Back (2016), Canetta et al. (2018), Colli 
et al. (2018), Gentsch (2019), Schumacher et al. (2016) 

Transformation 
Management 

Alsheibani et al. (2019), Berghaus and Back (2016), Colli et al. (2018), 
Schumacher et al. (2016) 

Process 

Process definition De Carolis et al. (2017), Jung et al. (2016), Schumacher et al. (2016) 

Process 
measurement 

Berghaus and Back (2016), De Carolis et al. (2017), Jung et al. (2016) 

Process control De Carolis et al. (2017), Jung et al. (2016) 

Process innovation Berghaus and Back (2016), Canetta et al. (2018), Jung et al. (2016) 

Table 2: Main dimensions and sub-dimensions with the respective literature 

With regard to the main dimension “technology”, we were able to identify two aspects in the literature. First, 
the need for an infrastructure as the basis for new digital products or services (Berghaus and Back 2016). 
Alsheibani et al. (2019) also state that the prerequisite for realizing a data-driven enterprise is a suitable 
technological infrastructure. Similarly, in Jung et al. (2016), the dimension 'IT maturity' is understood as 
IT resources that are available and functioning. Second, in the context of this main dimension, reference 
was made to data analytics technologies. The point here is that technologies for data analysis are available 
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so that possible strategic decisions can be made based on this (Berghaus and Back 2016). Colli et al. (2018) 
see great added value in these technologies, as valuable information can be generated that contributes to 
the understanding of business processes. Therefore, we defined the two sub-dimensions infrastructure and 
data analytics. 

The main dimension “data” is used in maturity models with a focus on artificial intelligence (cf. Alsheibani 
et al. 2019; Gentsch 2019; Saari et al. 2019). Following Alsheibani et al. (2019), the main dimension “data” 
in this paper refers to aspects related to both the amount and the structure of data. In particular, the 
collection and availability of data play an essential role. Furthermore, the structure and standardized 
collection of data (Alsheibani et al. 2019; Colli et al. 2018; Gentsch 2019), as well as the need for good 
availability of data so that AI systems can use it (Alsheibani et al. 2019; Gökalp et al. 2017), are addressed. 
Based on this, we defined the sub-dimensions of data collection, data retrievability, and data storage. 

The main dimension “people” could be found in many of the maturity models analyzed. Among other things, 
aspects of employee attitudes are addressed. These include aspects such as the openness of employees and 
their acceptance of embracing new technologies (Colli et al. 2018; Schumacher et al. 2016). Gentsch (2019), 
for example, speaks of a 'data-driven mindset' in this context. Furthermore, the aspect of competence plays 
a central role (Alsheibani et al. 2019; Berghaus and Back 2016; Colli et al. 2018). In addition to internal 
expertise such as IT knowledge, this also involves further training opportunities (Alsheibani et al. 2019; S. 
Berghaus and Back 2016). In addition, AI implementation requires transformation management, where 
managers accompany the change and clearly define roles and responsibilities (Berghaus and Back 2016). 
Colli et al. (2018) also consider the “willingness toward the digital transformation from the management 
side” in their model (p. 1348). For the main dimension, “people”, we have therefore derived the three sub-
dimensions of attitude, competence and transformation management. 

The fourth main dimension "process" refers to the influences of AI on the processes in B2B sales. The 
maturity models analyzed focus in particular on the structure and definition of processes (De Carolis et al. 
2017). In addition, the internal and external coordination of processes and the definition of responsibilities 
are also named in this context (Berghaus and Back 2016). Further essential aspects represent the 
measurement of sales processes (De Carolis et al. 2017) and an analysis based on this (Berghaus and Back 
2016; Jung et al. 2016). Berghaus and Back (2016) also see process control based on data as relevant, 
building on the analysis. Another factor mentioned in the literature is the innovation of processes (Berghaus 
and Back 2016). In addition to a required adaptability (Canetta et al. 2018), the further development of 
processes is also addressed (Jung et al. 2016). We have grouped the aspects identified in the literature under 
the sub-dimensions of process definition, process measurement, process control and process innovation. 

For the subsequent determination of the individual characteristics for a more detailed description of the 
sub-dimensions, we also used other literature in addition to the maturity models analyzed. This was 
particularly necessary because the existing maturity models often do not provide a very detailed description 
of the dimensions they contain. When searching for suitable literature, we made sure that the studies could 
be assigned to the thematic area of this work (AI, (B2B) sales, information systems). For the main 
dimension “technology” we were able to identify 15 characteristics, across all sub-dimensions. For the sub-
dimensions of the main dimension “data” we defined 12 characteristics in total. The main dimension 
“human” consists of 18 characteristics and the main dimension “process” of 16. Table 3 shows an excerpt 
from the subdimension "attitude" of the main dimension "human" and gives examples of characteristics 
and the corresponding items. 

Sub-dimension Characteristic Item Level 

Attitude 

The use of AI is 
considered sensible 

Our sales team perceives the use of an AI-based information 
system as sensible. 

1 

Positive attitude towards 
AI 

Our sales team has a positive attitude towards the use of artificial 
intelligence (AI). 

2 

Willingness to change Our sales team is willing to adapt to changes in their workplace. 3 

Acceptance of AI 
suggestions 

Our sales team is willing to accept the decisions proposed by an AI-
based information system. 

4 

Acceptance of AI 
decisions, even if they 
differ from their own 

Our sales team is willing to accept the decisions suggested by an 
AI-based information system, even if they differ from their own 
assessments. 

5 

Table 3: Excerpt from characteristics of sub-dimension “Attitude” 
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The aim of the quantitative study (evaluation 2) was to validate the items for the previously defined 
characteristics and to determine the difficulty with which they can be achieved by companies.  For this 
purpose, we developed a questionnaire containing the items of the characteristics. To determine the 
difficulty of the respective items, the participants were asked to indicate the current state of the item in their 
respective company and the desired state that this item should achieve on a five-point Likert scale. 
Following Lahrmann et al. (2011), we calculated the median of the desired states and were thus able to map 
the significance of the respective item for the entirety of the companies in our sample. We then formed a 
delta between the median of the desired states and the individual assessment of the actual states, which 
allowed us to determine the difficulty of each item by applying the Rasch algorithm. The Rasch algorithm 
has already been used for the development of maturity models (Raber et al. 2012), as the difficulty of the 
items can be used to assign maturity levels to them (Lahrmann et al. 2011). The Rasch algorithm was 
performed in R using the package eRm. A rating scale model was implemented to determine the measure 
(of difficulty), standard error, and infit and outfit. If infit and outfit are between 0.5 and 1.5, the 
measurement data are considered productive (Raber et al. 2012). 

We recruited the participants for our study via Amazon Mechanical Turk (MTurk), an approach that has 
been used in various other studies (e. g., Hibbeln et al. 2017; O’Leary et al. 2014). MTurk allows the selection 
of participants with respect to their job functions, therefore, in line with the scope of our study, we set the 
following job functions as criteria for participating in our study: Marketing, Sales, and Business 
Development. Additionally, only MTurk Masters - people who consistently deliver high-quality results - 
were eligible for participation to ensure the quality of their responses. Following Jia et al. (2017) we 
incorporated several control questions in our questionnaire to screen out people who have not completed 
the questions diligently. This left us with a total of 174 participants. The characteristics of the sample is 
shown in table 4. 

Position Industry 

Managing Director 20 Industrial Goods 50 

Area Sales Manager 17 Service 48 

Marketing Manager 75 Pharma 19 

Sales Manager 25 Financial Services 36 

Sales Representative 25 IT and telecommunications 18 

Marketing Staff 12 Other 3 

Revenue in Mio $ Number of employees 

0-49 64 1-49 14 

50-99 26 50-249 40 

100-249 39 250-499 48 

250-499 30 500-999 50 

500-999 11 1000-5000 16 

>1000 4 >5000 6 

Table 4: Sample characteristics 

An excerpt of the results is shown in Table 5. For each item, we assess their respective difficulty, standard 
error, infit, and outfit. Of the 63 items, only three items did not meet the criterion that infit and outfit must 
be between 0.5 and 1.5 (Raber et al. 2012). Thus, the data set meets the quality criteria according to Dekleva 
and Drehmer (1997). We kept the items not meeting the infit outfit criteria in our data sample, as it does 
not compromise the quality of our data set and allowed us to discuss these items later on in the process with 
the experts in the focus group. 
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Infit Outfit Difficulty Item 

0.951 0.901 0.22248357 Our sales team perceives the use of an AI-based information system as sensible. 

0.985 0.894 0.28674512 Our sales team has a positive attitude towards the use of artificial intelligence (AI). 

0.742 0.698 0.07066503 Our sales team is willing to adapt to changes in their workplace. 

0.969 1.02 0.18520627 
Our sales team is willing to accept the decisions proposed by an AI-based 
information system. 

1.164 1.233 0.30489262 
Our sales team is willing to accept the decisions suggested by an AI-based 
information system, even if they differ from their own assessments. 

Table 5: Excerpt of the results of the Rasch-Algorithm from the main dimension “Human” 

Construct and Evaluation 3 

In the next step (construct) of our analysis, we clustered the items into maturity levels. In addition to the 
relevance of the items, the degree of difficulty per item could also be determined by the Rasch algorithm 
(Lahrmann et al. 2011). This value is a measure of how difficult it is for companies to achieve the respective 
item. To objectively cluster the determined proficiencies and their items, we performed a hierarchical 
cluster analysis (Lahrmann et al. 2011; Marx et al. 2012). Cluster analyses are used as an exploratory 
procedure to identify similarity structures in data (Kaufman and Rousseeuw 1990). Within a cluster, the 
data should be highly homogeneous, and between clusters as heterogeneous as possible (Gordon 1996). The 
goal of the hierarchical cluster analysis was to divide the items, and thus the associated proficiencies, into 
maturity levels. In this work, Ward's method (squared Euclidean distance) was used for clustering 
(Lahrmann et al. 2011; Marx et al. 2012). Ward's method belongs to the agglomerative methods and to the 
group of variance methods. In agglomerative methods, each data point initially forms a single cluster. 
Successively, these are then combined into larger clusters (Bouguettaya et al. 2015). We implemented the 
cluster analysis using the package sci-kit learn in Python, where the items, the difficulty of each item and 
the number of maturity levels served as inputs. As this work is based on the CMMI, which is comprised of 
five maturity levels, we also set the number of maturity levels to five. Defining the number of maturity levels 
based on the CMMI is a commonly used way in many other studies that develop maturity models 
(Lahrmann et al. 2011). We ran the cluster analysis accordingly; therefore, the analysis resulted in five 
clusters encompassing items from the four main dimensions. 

The first maturity level includes ten items from the sub-dimensions of infrastructure, data analysis, data 
collection, data storage, attitude, and transformation management, thus covering the dimension of 
technology, data, and human. The second maturity level covers 13 items from the sub-dimensions of 
infrastructure, data analysis, data collection, data storage, data retrievability, competence, attitude, 
transformation management, process control, and process innovation, which cover all four dimensions. The 
third maturity level encompasses nine items from the three dimensions technology, human, and process 
from the sub-dimensions infrastructure, data analysis, attitude, process definition, and process 
measurement. The fourth maturity level has 17 items assigned to it, covering the four dimensions and 
including the sub-dimensions infrastructure, data analysis, data retrievability, attitude, transformation 
management, process definition, process measurement, and process control. The fifth maturity level 
includes 12 items from the four dimensions while covering the sub-dimensions infrastructure, data analysis, 
data storage, competence, attitude, and process definition. 

Overall, the hierarchical cluster analysis achieved a conclusive classification. However, we noticed slight 
inconsistencies in the three sub-dimensions. In the sub-dimension data analysis, the expression "decision-
making through descriptive analyses" was categorized as level five, but this would be more likely to be 
attainable at a lower level. The sub-dimension attitude of the main dimension human showed a particularly 
large number of items at level 5. Similarly, all items in the process definition sub-dimension were at least 
at level 3, leaving no items of this sub-dimension at levels 1 and 2. Therefore, we selected these sub-
dimensions for further discussion in the focus group in the following step. Following the classification of 
the characteristics into maturity levels, we developed a first draft of the descriptors and descriptions for 
each level. We used the descriptors of the CMMI as orientation and adapted to the scope of our maturity 
model. We defined „initial“, „assessable“, „scalable“, „adaptable“ and „optimizable“ as the descriptors of our 
five maturity levels. These were also subject to the discussion in the focus group. 
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Focus Group 

To evaluate the findings from the cluster analysis, we conducted a focus group (evaluation 3). A focus group 
is a moderated discussion with several participants. It allows the researchers to ask for the participants’ 
opinions, experiences, and assessments of a specific topic. In an open discussion, participants can respond 
to each other's statements, exchange information among themselves, and discuss them from their different 
perspectives (Schulz et al. 2012; Stewart and Shamdasani 2017). We held the focus group to evaluate the 
results from the previous steps and discuss the inconsistencies that we noticed in the results of the 
hierarchical cluster analysis. 

Six experts participated in the focus group. Four of the experts are employed by companies that deal with 
the implementation of AI (three persons in the context of a consulting firm and one person as an employee 
of a provider of AI solutions). The two other participants are employees in sales. This group of experts was 
able to cover both the expertise on the implementation of AI in companies and the expertise in the area of 
sales. The focus group discussion was conducted online and lasted one hour. 

We started the focus group with a short introduction to the maturity model to ensure a uniform 
understanding of the concept before we continued by shortly presenting the developed maturity model. 
First, we presented the participants with the names of the five stages of the maturity model and their 
descriptions and asked for feedback on the stages. The participants agreed with both the designations and 
the descriptions so that no need for change arose. As explained previously, the sub-dimensions data 
analysis, attitude, and process definition were the focus of the subsequent discussion, with each sub-
dimension being covered separately. Additionally, we discussed the items that did not fit the infit and outfit 
criteria from the quantitative analysis.  

Regarding the sub-dimension “data analyses”, the experts agreed that the characteristic "decision-making 
through descriptive analyses" is not correctly assigned to level 5 and should be moved to level 1. The experts 
argued that a possible reason for the incorrect assignment could be the similar-sounding words 
"descriptive", "predictive," and "prescriptive". In their experience, these are often confused with each other, 
and they suggested that the respondents in the preceding step of the study encountered the same issue. 
Consequently, the experts suggested moving the characteristic “decision automation through prescriptive 
analysis” to level 5. In this context, we addressed the characteristic decision-making by means of predictive 
analyses since this did not fulfill the criteria according to Raber et al. (2012). The experts again referred to 
the problem of word similarities and rated the characteristic to be relevant. We followed the advice of the 
experts, retained this characteristic, and rearranged the others.  

Next, we discussed the sub-dimension attitude in the context of the main dimension “human”. The experts 
agreed that the items and characteristics of this sub-dimension could be quite difficult to achieve as most 
of them were assigned to higher maturity levels. On the other hand, the experts argued that the 
requirements represented by the items would be indispensable for implementing an AI. Hence, the experts 
considered the characteristic “AI use is considered useful” as a mandatory prerequisite, therefore we moved 
it from level 5 to level 1. A similar argument was put forward for the characteristic “positive attitude toward 
AI”. The experts recommended moving the characteristic from level 5 to level 2. According to them, 
successful implementation is only possible if employees have a positive attitude toward AI and show the 
necessary acceptance. Additionally, the experts suggested placing the two characteristics, “acceptance of AI 
suggestions” and “acceptance of AI decisions,” at level 4 instead of level 5. They argued that especially in 
comparison to the characteristic “Acceptance of AI decisions, even if they differ from their own” located at 
level 5, the rearrangement allows for mapping the development in attitudes among employees. 

The third sub-dimension we discussed in detail was “process definition”. In total, we moved four 
characteristics to a different level. In particular, the experts quickly agreed that the “definition of objectives'' 
was a minimum requirement for the implementation of AI. We, therefore, moved the characteristic to level 
1. The experts also suggested assigning three characteristics, “internal interfaces defined”, “external 
interfaces defined”, and “tasks defined” to level 2. According to the experts, the interfaces are relevant for 
ensuring smooth processes and should therefore be known and defined as early as possible in addition to 
the tasks and work steps. For this reason, we placed the two characteristics “referring to internal and 
external interfaces'' on the same level. The experts were also in favor of keeping the external interfaces 
defined in the maturity model since it is a useful addition to the internal interfaces and represent the 
starting point for the implementation of AI for several use cases. 
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Throughout the whole discussion, the experts had the opportunity to look at all areas of the maturity model. 
They were encouraged to openly address inconsistencies or discrepancies. At the end of the focus group, we 
asked the experts again whether they had noticed any other aspects that they would like to discuss. The 
participants did not raise any further conspicuities and thus, we did not make any further changes. 

Final Maturity Model 

Based on the results from the focus group, we created the final maturity model. Figure 2 shows the 5 levels 
with the respective descriptors and a short description for each level. 

 

Figure 2: Final Sales AIvation Maturity Model 

A measuring instrument is used to apply the maturity model. This measuring instrument is based on the 
items of the individual characteristics. The items are part of a questionnaire, which is divided into the 
individual main and sub-dimensions. When applying the maturity model, the individual items of the 
questionnaire are to be evaluated on a five-point Likert scale. For the evaluation, the individual items are 
first assigned to the respective levels. The mean values of the individual items per level are then determined. 
In accordance with the principle of a stage model, a higher maturity level can only be reached when the 
previous one has been fully completed. In this context, complete means that the company achieves a value 
of at least 3.5 or higher. The smallest level of the four main dimensions then determines the overall maturity 
level. This logic is based on the assumption that successful AI implementation can only succeed in the 
interaction of all dimensions (Wengler et al. 2021). 

Evaluation of the Maturity Model 

Case Studies 

The aim of the case studies was to test the developed maturity model in practice (use). Case studies can help 
apply theories and concepts to real-world situations, which is important for the transferability of research 
findings (Eisenhardt 1989; Gerring 2006; Stake 1995; Yin 2009). For this, the relevant information of a 
particular event or person is collected and analyzed to gain a better understanding of a particular situation. 

In this work, the maturity model was used in four companies. All four companies were before implementing 
AI in sales at the time of the research. By using the maturity model, the respective maturity of the companies 
for the implementation of an AI could be identified. Building on this, further action should be taken as 
needed based on the results. The choice of the point in time related to where the companies were (in the 
process), i.e., before the implementation of an AI, could be considered as very suitable for the application 
of the maturity model. To determine the maturity level, a questionnaire with the items was provided to the 
companies online. In pairs or threes, employees from sales answered the questions together. For each item, 
the employees rated the current situation in the company on a five-point Likert scale. The mean values of 
the answers were then calculated for the individual main dimensions. These values were used to classify the 
sales organization in the maturity model. 

Level 1
Level 2

Level 3
Level 4

Level 5

The sales department 
is optimized for the 
use of AI. Employees 
have knowledge 
about AI and accept 
decisions made by 
AI.

The sales department 
is set up in such a 
way that it can react 
flexibly to changes 
and adjust the use of 
AI according to the 
situation.

The sales department 
can control the use of 
AI. Roles and 
authorities are 
assigned, and there is 
readiness for change.

The sales department 
can evaluate the use 
of AI. The necessary 
internal and external 
data is systematically 
collected and 
accessible.

The sales department 
contains the basic 
elements for the use 
of AI. Internal data is 
used for analysis.

initial
assessable

scalable
adaptable

optimizable
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The results of the first company are described below as an example. In the main dimension “Technology”, 
the company has an average score of 4.5 in level 1 and an average score of 2.3 in level 2. This means that 
level 2 has not yet been fully achieved and a classification at the higher level 3 is not yet possible. For the 
main dimension “Data”, the company achieved an average score of 3.8 at level 1. This level is therefore 
considered to be fulfilled. An average value of 3.0 was determined for level 2. Since the average value for 
level 2 is below 3.5, this level is not considered complete. In the main dimension “Data”, the company 
therefore achieves a maturity level of 2. In the main dimension “Human”, the company achieved an average 
value of 4.0 on level 1. Level 2 is also considered to be completed with a value of 3.5. An average value of 
4.0 was also achieved at level 3. At the following level 4, an average value of 3.3 was determined. The 
maturity level of the main dimension “Human” can therefore be defined as level 4. For the fourth main 
dimension “Process”, both level 1 and level 2 can be classified as completed, with average values of 5.0 and 
3.8 respectively. For stage 3, the company currently achieves an average value of 3.4 and is thus just below 
the threshold of 3.5. The maturity level of the main dimension “Process” is thus at stage 3. Following the 
minimization principle, this results in an overall maturity level of 2 for the company. 

Expert Interviews 

To evaluate the use of the maturity model (evaluation 4) in the case studies, we interview conducted 
interviews with each company. Here, too, Sonnenberg and vom Brocke (2012) consider expert interviews, 
among other methods, to be suitable for evaluation. We conducted the interviews following an interview 
guide. In the first part of each interview, we discussed the applicability of the maturity model and the results 
of each company in general. In the second part, we examined the results of the companies in more detail, 
going over every dimension and discussing possible courses of action. In total, we conducted and recorded 
four interviews. The average duration of the interviews was 51:09 minutes. For company one, we spoke to 
the CEO and the Marketing Manager, for company two to the CEO, in company three we talked to the Head 
of Sales and the Head of Marketing and in company four to the Business Director and the Sales Manage. 

The results of the application of the maturity model were available to the respective company. The 
evaluation was aimed at the applicability of the maturity model and was also intended to verify whether the 
maturity model correctly reflects the actual situation in the companies. Based on the interviews, it became 
clear that the current maturity could be determined for all companies. Table 6 shows an overview of the 
benefits of the maturity model that were mentioned in the interviews. 

Benefits Company 1 Company 2 Company 3 Company 4 

Current maturity regarding the implementation of an AI 
can be determined 

√ √ √ √ 

Optimization progress can be measured with multiple use √  √  

Relevant areas for the implementation of an AI can be 
identified 

√ √ √ √ 

The maturity model with the associated measurement 
model can be easily applied by the companies 

√ √ √ √ 

Different opinions about certain aspects became apparent  √  √ 

Encouraged companies to address different topics that 
had not yet been dealt with 

√ √  √ 

Common understanding for the implementation of an AI 
can be built 

√ √   

The maturity model shows development potential in a 
meaningful way 

 √ √  

Table 6: Benefits of the maturity model mentioned in the interviews 

The companies had no difficulties in applying the maturity model and also found the questions easy to 
understand. In addition to the current maturity, the relevant aspects and areas for the implementation of 
an AI could be identified. On the basis of the different characteristics, the companies were able to derive 
weaknesses and thus identify potential optimization needs. In some interviews, the possibility of using the 
maturity model again to measure the development progress was also mentioned. Some interviewees also 
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mentioned the great added value that resulted from the discussions during the use of the maturity model. 
On the one hand, this resulted in an exchange about topics that were otherwise not in the focus of the 
company, and on the other hand, different opinions regarding individual aspects and areas became clear. 
Overall, a common understanding for the implementation of an AI could be built up in the company in this 
way. 

Conclusion and Implications 

The result of the present work is the Sales AIvation Maturity Model (SAIM). The model is based on a 
comprehensive research process in which a fully evaluated and practically applied model was developed 
through several empirical studies. The studies identified relevant factors and prerequisites for AI 
implementation in B2B sales. This enables companies to assess their current status with regard to AI 
implementation in sales and to take targeted measures to increase their maturity. Compared to other 
maturity models, the one we developed is based on a systematic analysis of existing literature (e. g. Berghaus 
and Back, 2016; Alsheibani, 2019) as well as a broad survey of experts and practitioners in sales. Compared 
to other maturity models, this one combines the two areas of sales and AI and is based on a rigorous DSR 
approach and validated by multiple data sources. The maturity model of Alsheibani et al. (2019), for 
example, focuses only on the aspect of AI, while the maturity model developed by Voss et al. (2022) focuses 
on the area of sales, although this does not specifically consider the implementation of AI. The originality 
of this maturity model can thus be justified on the basis of the focus on AI and B2B sales in combination 
with the multi-method research approach. 

The evaluations have shown the great added value of the maturity model for practice. Among other things, 
the application of the maturity model has shown that conflicts of interest can be avoided when using 
measurement tools developed outside the organization (Fraser and Vaishnavi 1997). However, too much 
focus on formalizing improvement activities can have an inhibiting effect on people's innovative thinking 
(Herbsleb and Goldenson 1996). The interviews showed that the companies also benefited in particular 
from the joint discussion in answering the questions in the measurement instrument. In the interviews, it 
was communicated that different opinions about certain aspects became apparent in the discussions. In 
this way, a common understanding for the implementation of an AI can be built up in the company, possible 
ambiguities can be eliminated, and knowledge differences can be reduced. However, it is important to 
emphasize that the specific context and the needs and requirements of a company must always be 
considered when applying the model. This means that level 5 does not have to represent the desired goal 
for all companies. The strategic orientation of a company can lead to a conscious decision for a lower level 
as the target. This is also explicitly mentioned in the paper by Berghaus and Back (2016). They highlight 
that each company has to weigh the feasibility of the stages depending on the respective industry, business 
model and competition. The descriptor "optimal" of level 5, therefore only refers to the content of the 
maturity model with regard to the implementation of AI in B2B sales. In this context, it is not meant that 
this level represents the optimum for all companies. 

Considering the main dimensions, it can be seen that the two dimensions data and process, in particular, 
have many characteristics at the lower levels. This circumstance suggests that aspects of data and process 
are essential prerequisites for implementing AI in sales. This underlines the importance of data collection, 
availability, and storage for the use of AI. Companies should address this issue early to enable successful AI 
implementation, especially in B2B sales, where data can be complex, heterogeneous, and dispersed across 
various sources, and external databases. Additionally, companies need to be able to describe and define 
their processes first to know where to implement AI and, secondly, to enable value creation with AI. The 
characteristics of the dimensions technology and people are more evenly distributed across the different 
maturity levels. It becomes evident from the structure of the maturity model that technology and especially 
humans play a crucial role on high levels of maturity. For companies, this implies that they need to involve 
their employees in the early stages of planning and implementing AI to foster acceptance and 
understanding. 

Limitations 

In this work we developed a maturity model for the implementation of AI in B2B sales, which is relevant 
for both practical and research purposes. However, certain limitations need to be considered when 
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interpreting the results. First, the identified maturity models often did not apply the same methodological 
standards as those implemented in this work. Frequently, the necessary transparency was missing from the 
documentation of existing maturity models, making it difficult to understand the dimensions and their 
development as stated in the studies. Despite this, these models were used to derive the main and sub-
dimensions as they covered content relevant aspects. Also, we cannot rule out the possibility that we have 
not considered comparable studies because they do not explicitly develop maturity models. Additionally, 
the small sample size of one focus group and four companies should be considered a limitation. However, 
we considered heterogeneity within the focus group to cover all perspectives (developer, salesperson, etc.) 
and the companies varied in their field of application, industry, and size. Moreover, for the quantitative 
study, the participants were recruited via MTurk. MTurk offers a diverse group of people mainly from the 
United States or India (Jia et al. 2017). This aspect may also support the applicability of the maturity model 
in an international context. Recruiting participants through MTurk is subject to a variety of methodological 
biases, similar to data collection using traditional methods. In this work, participants from the marketing, 
sales, and business development fields were selected. However, it cannot be ruled out that other people 
were included in the study due to incorrect information. Particularly in the case of recruitment through 
MTurk, the monetary incentive to participate in the study can lead to bias. Jia et al. (2017) have shown that 
MTurk participants may have difficulty paying attention because they want to complete the studies quickly 
to maximize their income. To address this problem, we used control questions in our study. If these were 
not answered correctly, the data of that person was deleted from the dataset. The last aspect to note is that 
the maturity model was developed for B2B sales. It can be assumed that some areas of the model are 
identical or similar for sales as a whole, but the generalizability would have to be investigated in further 
research. 
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