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This study investigates the diffusion of AI-based service applications within the business models of German manufacturing industries, surveying 162 decision-makers. The integration of AI into business model is assessed through the Business Model Canvas (BMC) framework, evaluating its value in terms of effectiveness as well as efficiency. Rather than focusing on specific use cases, the study delves into the intended usage of value-driven AI services references to enhance effectiveness and efficiency across various elements of the business models. Through this research, eleven service values have been identified. Each service vale corresponds to a distinct element of the BMC. Decision-makers were surveyed using a Confirmation/Disconfirmation (C/D) paradigm to measure the disparities between their current and target performance levels. Consequently, this study provides valuable insights from the perspective of decision makers regarding the current and desired state of AI integration in the German manufacturing industry, taking into account AI usage or no AI usage at the time of data collection.
Keywords: AI-based service, diffusion of AI, German manufacturing industries, AI value-driven services, AI-services, Business Model Canvas (BMC), AI-driven business model
1 INTRODUCTION
The integration and diffusion of AI continue to rising up. Particularly noticeable since the launch of ChatGPT renewed enthusiasm for AI-based applications across various sectors, including Customer-to-Customer (C2C) as well as Business-to-Business (B2B) interactions (von Garrel and Mayer, 2023). Since the 1950s, AI has been a familiar concept but recent advances in model approaches and computing power have significantly bolstered its market readiness. This was evident in the milestones achieved within generative AI in the 2010s (Krizhevsky et al., 2012) and in how businesses began using it as a new tool to redesign various elements of their business models.
Examples therefor are the creation of customized value propositions through the analysis of customer data, thereby adapting offerings to meet individual needs with options like “pay-per-use” or “pay-as-you-go” (Kett et al., 2021; Kahle and Helldorff, 2021). Furthermore, chatbots can be deployed to personalize and automate interactions, ensuring round-the-clock customer service without delays (Schmidt et al., 2021). Additionally, supply chains can be optimized by leveraging AI to analyze supply-chain-data, identifying bottlenecks, exploring new partnerships, optimizing transportation routes, and ultimately enhancing overall efficiency (Neuhüttler et al., 2021; Valentowitsch, 2021). These instances illustrate how AI can profoundly impact and reshape the three pillars of value creation: Value Proposition, Value Chain, and Customer Relationship.
Despite this surge, the manufacturing businesses in Germany still exhibit significant untapped potential (Büchel et al., 2021; von Garrel and Thomas, 2023). However, constraints such as limited capital, technical expertise, and training opportunities for employees impede the widespread adoption and diffusion of AI within the manufacturing sector, particularly with Small and Medium-sized Enterprises (SMEs) (Büchel et al., 2021; von Garrel and Thomas, 2023). Nonetheless, the utilization of AI technologies within German industries is steadily increase. More business organizations are recognizing the potential of AI to enhance their business models (Merkel-Kiss and von Garrel, 2022; von Garrel and Thomas, 2023). It has the capacity to optimize and innovate internal and external operations like enhancing quality, increasing efficiency, and boosting effectiveness. Moreover, AI facilitates the repositioning of value propositions and lead to innovation from traditional products through the addition of supplementary (Smart-) Services (von Garrel and Jahn, 2023).
Against this background, this research delves the use of AI in relation to its value and illustrates the diffusion (current status) and desired integration (target status) of AI-based applications across various elements of manufacturing business models in Germany.
2 THEORETICAL FOUNDATIONS
Business models (BM) serve as aggregated and complexity-reducing representations of an organization’s value creation logic for a specific target audience, and illustrate how the generated value is transformed in to revenues (Kett et al., 2021). Among other functions, this framework facilitates a critical assessment of the current business operations, revealing strengths, weaknesses, opportunities and threats. Additionally, business models serve to analyze, plan, design and communicate, planning, design and communication and enable the identification of necessary adjustments or further developments (Bruhn and Hadwich, 2021; Kett et al., 2021).
In the literature, several forms of visual representations for business models are documented. Widely used in practice is the Business Model Canvas (BMC) as introduced by Osterwalder and Pigneur (2011) depicted in Figure 1. A significant advantage of the BMC lies in its primary focus on the three pillars of value creation and illustrates the added value (key activities, key resources, key partners), customers (customer relationships, customer segments and channels), and finances (cost structure and revenue streams) in relation to the value proposition (Osterwalder and Pigneur, 2011). Definitions and explanations of the individual elements of the BMC are available in the original literature (Osterwalder and Pigneur, 2011).
[image: Figure 1]FIGURE 1 | Own design according to Osterwalder and Pigneur (2011).
As Figure 1 illustrates, finances serve as the foundation of the Business Model Canvas (BMC). They profitability is primarily defined by the value proposition in relation to the value chain and the customer. If the graphic would be divided in the middle, two blocks emerge. The left block of value propositions and the associated value chain determine the cost structure. Above all, the use of resources of any kind (material, time, etc.) and the associated activities comprise the financial expenses. The literature also confirms that the use of resources has a significant influence on the cost structure and an efficient use leads to a reduction in costs (Gläß, 2018; Fresner, 2010; Incekara, 2022; Odesola and Daramola, 2010). The block on the right side of value proposition, customers and revenue streams describes where the revenue comes from and how it flows into the BM. It ultimately describes how effectively a business model is able to generate revenue and how effective is performance or the value on the customer side (Ney, 2006). It therefore highlights the business elements that significantly influence the effectiveness (right-hand side) and efficiency (left-hand side) of value creation (Osterwalder and Pigneur, 2010, S. 49).
AI-based business models stand apart from traditional or digital business models in that AI technology is crucial for at least one element, indicating that AI plays a pivotal role in defining the value creation process and shaping the revenue structure (Moll and Lerch, 2021). It fosters adaptability and intelligent interactions with a broad range of stakeholders, enhancing flexibility and agility in the dynamic environments (Bruhn and Hadwich, 2021; Winter, 2021). For instance, traditional value propositions can evolve into adaptive ( = effective) and autonomous ( = efficient) services (Kett et al., 2021). In order to achieve a sustainable increase in performance and further establishment on markets, business models should therefore further develop or change the underlying functional logic of value creation in the long term (Kett et al., 2021; Bruhn and Hadwich, 2021).
AI fundamentally offers the potential to enhance efficiency as well as effectiveness by data utilization. Consequently, information in the form of data and its availability are critical in transforming value creation processes. Data makes it possible to uncover previously unseen patterns and structures (Hu et al., 2022). Essentially, every incident is rooted in cause-effect relationships, which can be captured and represented as digital information (data). In this context, it is crucial to acknowledge the value of data ( = information) and to be aware that business models can be unique. The transformation and integration of AI into business processes depend on the industry, the specific value proposition, the value requirements (from customers and the market) as well as the availability of data within this framework. Based on this principle, models can be adjusted to specific use cases and developed for unique conditions, enabling the analysis of occurrences and supporting predictions, decisions and actions (Rohde et al., 2022).
Following this understanding of the BMC and the idea of the principles of effectiveness and efficiency in relation to the individual availability and usability of data, the study deals with the question:
How does prioritizing the elements of the Business Model Canvas (BMC) based on effective and efficient value-driven data usage influence the transformation of AI-based service business models in the German manufacturing industry?
3 METHODICAL IMPLEMENTATION
The methodology focuses on operationalizing the measurement of distribution of AI usage across business model elements according to the BMC framework. The measurement is carried out by a survey aimed the current and desired utilization of AI-based performance instances within manufacturing business models in Germany.
In this context, the study does not prioritize the distribution of specific use cases across industries. Instead, it emphasizes the service value or references linked to AI-based use cases, which can be attributed to specific elements by the BMC. The investigated items ( = performance case/service values) from Figure 2. Are derived from the findings in the report “Innovations in the German Economy” and transferred into the issue of AI (Rammer et al., 2021, S. 10f). The integration of AI with at least one of the following service values leads to innovative changes that transform a traditional business model into an AI-based business model.
[image: Figure 2]FIGURE 2 | Indicators for service values derived from report “Innovations in the German Economy.2”
The diffusion (current performance) and deficits (target performance) of AI-based applications are assessed using the Confirmation/Disconfirmation-Paradigm (C/D-Paradigm) methodology (Homburg et al., 2019). Originally it is a marketing approach for measuring customer satisfaction (as illustrate in Figure 3). The model compares actual experiences (current performance) with a predefined performance standard. If the comparison aligns with the standard, it is termed “confirmation” which indicates customer satisfaction (confirmation → current = target). Positive disconfirmation affirming customer satisfaction as well and occurs when current performance exceeds target performance (current > target). If the target performance exceeds the current performance (current < target), this means negative disconfirmation and customer dissatisfaction.
[image: Figure 3]FIGURE 3 | Confirmation-disconfirmation-paradigm according to Homburg et al. (2019).
In the survey, respondents were asked to assess their current and target performance using a 5-level Likert-Scale (1 = “do not agree at all” (2), (3), (4), 5 = “Completely agree”). Evaluating a current performance of AI usage requires the utilization of AI. Therefor a screening question was integrated to obtain conscious use. Here, “conscious use” refers to the deliberate acquisition of AI-based software to achieve performance or business objectives.
Current-performance: “My organization uses AI…”
Target-performance: “My organization should (additionally) use AI…”
E.g.: …to support in operational management tasks.
…to offer Smart-Service-Products.
…for the exchange of information and communication with customers…
The internal consistency of the items according to efficiency and effectiveness are evaluated by Cronbach’s alpha based on the given answers of the respondents. The scales represent a high or excellent value each Table 1.
TABLE 1 | Cronbach´s Alpha of the scales current and target performance with regard to effectiveness and efficiency.
[image: Table 1]The data was collected in an additional follow-up survey of a Choice-based Conjoint (CBC) survey. The CBC revolves around the value-based willingness to pay of cooperative AI1 and presents fictitious purchase offers for an intelligent assistance system for employees (such as Chatbot/Business Bot) as exemplary application. These applications aim to support internal business processes and workflows within organizations:
• “Send mail X to employees involved in process Y.”
• “Make an appointment with XY for *date*/*time*.”
• “Show me live monitoring of process C.”
• “Display me the colleagues/processes that need support.”
• “Show me material inventories and related products (including sales).”
The sample comprises individuals from German manufacturing business organizations who hold decision-making authority. The service provider “Kantar Group” provided a panel of n = 162 respondents that matched the target group. Data collection was collected in March 2022.3
4 RESULTS
The sample consists of 59.26% (n = 96) SMEs and 40.74% (n = 66) large companies. These include various industries by NACE codes, classified by AI usage with absolute and relative frequencies (Figure 4) (German Federal Statistical Office, 2008). The distribution indicates that certain business organizations operate across multiple industries (industry distribution → n = 207). Participants from various positions took part in the survey, including managing directors (14.4%/n = 23), employees with management responsibilities (70%/n = 112), and employees without management responsibilities (15.6%/n = 25).
[image: Figure 4]FIGURE 4 | Descriptive distribution of industries by NACE codes an AI usage.
Almost 60% (n = 96) of the sample indicated AI usage at the time of data collection. Among these, there were n = 59 SMEs and n = 37 major business organizations represented. AI usage is more prevalent in industries such as engineering, vehicle manufacturing, manufacture of furniture and other goods, chemical goods, and electronic equipment. No AI usage (40%, n= 66) is less frequent in manufacturing sectors such as rubber, synthetic materials, glassware, ceramics, supplements, beverages and tobacco.
Table 2 and Figure 5 illustrate the mean current and target distributions of AI usage service values in German manufacturing business models. Table 2 additionally presents positional and scattering measures. As AI usage is a binary issue (yes or no) the metrically collected data (scale 1–5) is dichotomized by rounding to enable meaningful analysis. Values from 1 to 3.44 correspond to unconscious AI usage, while values from 3.45 to 5 indicate conscious use of AI.4
TABLE 2 | Descriptive statistic of current and target performance (n= 162).
[image: Table 2][image: Figure 5]FIGURE 5 | C/D-Paradigm of current and target performance (n= 162).
Performance cases in Table 2 suggest the following interpretation: E.g., at the time of data collection the service value of “Designing of production processes” in the business model elements of Key Activities suggest that German manufacturing industries generally do not utilize AI in these cases (M = 2.88 → 3 → no AI usage). This is affirmed by the mode 1 (→ no AI usage) and 50% of the sample reporting no current performance on this issue (x0.5 = 3).
On average, businesses in the sample express a desire for increased integration of AI across service values in all business model elements except for “Support in strategic management with tasks or decisions”. The most widespread of current AI performance is on average observed in the service value of “Designing of production processes” and “Data and information management” in Key activities. In Contrast, the lowest current AI performance besides “Support in strategic management with tasks or decisions” occurs on average in “Acquisition of new suppliers and partners”.
The strongest current diffusion of AI is being observed in the areas of “Designing of production processes” and “Data and information management.” But these are also the areas where on average the greatest desire (target performance) for AI integration. In contrast, the integration of AI service values such as “Exchange of information and communication with suppliers and other partners” and “Smart-Product” are on average the least frequently targeted issues.
The C/D paradigm is evaluated by using a t-test to identify significant differences between current and target performances in terms of effectiveness (t = −9.971, p < .001, n = 162) and efficiency (t = −9.089, p < .001, n = 162). The mean of target performance shows higher values (effectiveness: M = 3.63, SD= .995; efficiency: M = 3.69, SD= .895) than for current performance (effectiveness: M = 2.73, SD = 1.565; efficiency: M= 2.76, SD = 1.575). According to Cohen (1992), the effect size corresponds to a medium to large effect (effectiveness: d = .783; efficiency: d = .714). On average there is a significant difference between current and target performances. Table 3 includes significantly measured gabs for the respective business model elements and performance cases (service values).
TABLE 3 | T-test for C/D-Paradigm and target performance depending on AI usage.
[image: Table 3]Except for “Support in strategic management with tasks or decisions” there is on average a negative disconfirmation across all AI-related services. In terms of negative disconfirmations, the discrepancies are relatively similar in magnitude. However, it is notable that on average the discrepancies in the Key Activities are the largest. This indicates a significant need for improvement in these areas. Conversely, the lowest demand on average is observed in the areas of “Exchange of information and communication with suppliers and other partners” and in providing “Smart-Products.”
Figure 6 displays the mean values of target performance according to AI usage and emphasizes significant differences in terms of effectiveness (t(108.64) = 7.946, p < .000) and efficiency (t(108.94) = 5.334, p < .000) between business organizations that use AI and those that do not so far. On average, businesses using AI demonstrate higher target performance in value-driven AI services according to effectiveness (AI usage: M = 4.09, SD = .70, n = 96; No AI usage: M = 2.97, SD = .89, n = 66) as well as in efficiency (AI usage: M = 3.99, SD = .693, n = 96; No AI usage: M = 3.25, SD = .975, n = 66). According to Cohen, the effect size corresponds to a large effect (effectiveness: d = 1.352, efficiency: d = .907). Figure 6 also illustrates the discrepancies for each service value within the business model elements. Table 3 further details the measured discrepancies and effect sizes. The largest discrepancies are observed in “Smart-Products,” “Smart-Product Services,” and “Smart-Services,” while the smallest discrepancies are noted in “Support in strategic management with tasks or decisions” and “Data and information management.”
[image: Figure 6]FIGURE 6 | Mean target performance depending on AI usage.
5 DISCUSSION, CONCLUSION AND OUTLOOK
The diversity of AI usage across BM´s in German manufacturing industries is steadily increasing. Corresponding to this issue, the framework of the BMC by Osterwalder and Pigneur (2011) is used to classified and demonstrate the logic of value creation by AI in various business model elements. Furthermore, it simplifies the complexity of using digital information (data) to drive effective or efficient changes in business models.
In this context, the Business Model Canvas (BMC) provides a clear illustration of the three pillars of value creation—Value Proposition, Value Chain, and Customer Relationship—categorized into further elements which can be associated with the principals of efficiency (Key Activities, Key Resources, Key Partners, Cost Structure) and effectiveness (Value Proposition, Customer Relationships including Segments, Channels and Revenue Stream) (Osterwalder and Pigneur, 2010, S. 49). From the findings of the report “Innovations in the German Economy,” eleven value-driven AI services were derived. These are classified according to their utility value of the elements of the BMC with reference to the effectiveness and efficiency of the business model. In the framework of the study the reference of effectiveness and efficiency according to the literature by Osterwalder and Pigneur was not carefully validated for the respective value-based services. Even if the results show high Cronbach’s alpha values (>.80) and indicate an internal consistency for the service values, further investigations need to be done for valid proof.12
The sample used in this paper includes various sectors within German manufacturing industries, with a notable proportion of “Engineering,” “Vehicle manufacturing,” and “Production of furniture and other goods.” Among these industries, the percentage distribution of AI usage (AI usage = 60%; No AI usage = 40%) does not align with current scientific findings. In reality, the adoption of AI in German manufacturing business is significantly lower with a larger proportion not using AI so far. This is particularly true for SME´s, which comprise the majority of German manufacturing industries (Büchel et al., 2021; Merkel-Kiss and von Garrel, 2022). Therefor it suggests that the panel of the provider KANTAR is possibly biased towards technology-oriented companies that are pioneers in these areas. A possible bias in this regard cannot be completely ruled out. Nonetheless, the results provide valuable insights into the manufacturing sector of German industries against the current background of increasing willingness-to-accept AI in German businesses (von Garrel and Mayer, 2023).
The analysis of the eleven identified value-driven AI services with regard to the diffusion (current) and desired integration (target) is carried out by the framework and methodology of the C/D-Paradigm, which is generally used in marketing issues. Due to the broad data basis not all findings are presented and discussed in this paper. Rather the reader is shown how data and information should be interpreted based on examples.
Key findings of the sample that are discussed show that German business in manufacturing industries exhibit the highest diffusion of AI in the business model elements according to “Key Activities”. Particularly in the cases of “Designing of production processes” and “Data and information management”. Regarding to this it is important to mentioned that although these elements show the most advanced diffusion, on average there is still the greatest demand. The reason for this may could be that the designation “Data and information management” encompasses a broad spectrum of use cases. Technically, most of the services references can be considered as a kind of data and information management. At this point, the authors therefore appeal for future work to make a further distinction and classification in order to obtain more accurate results.
Further findings apply significant differences between current- and target-performance in each value-based Service reference. The observed gaps (diff) between current-performance and target-performance related to the principals of effectiveness and efficiency correspond to a medium to large effect according to Cohen. Overall, business models in German manufacturing industries exhibit a negative-disconfirmation (current < target) in each service case except in “Support in strategic management with tasks or decisions” (→ current > target). Presumably, decision-makers and managers do not want to hand over decisions with long-term impacts to technology. They want to retain the upper hand in this matter. However, the authors cannot provide a valid and verifiable reason for this but simply provide a starting point for further investigations.
There are also significant differences in target performance depending on AI usage. Business models show gabs with regard to all value-driven services according to business model elements. The results show that, on average, business models in the manufacturing industries that already use AI demonstrate a higher demand for integrating value-driven AI services into all elements of the business model compared to businesses that have not yet integrated AI. According to Cohen a medium to large effect is observed for all value-based service types. Particularly notable are the gaps in Value Proposition. On average, decision makers who have already implemented AI into their BM have also a stronger desire to integrate AI into their own value proposition as well. This is evident for “Smart-Products”, “Smart-Product Services”, and “Smart-Services”. This may be due to their own perceived value of services they use. At this point the authors can just speculate but the findings provide a basis for further research.
With regard to the research question, it can be summarized that the paper provides an insight into the diffusion of different AI value-driven service types with classification of effectiveness and efficiency according the framework of the BMC. The value-driven use of data in the shape of AI is desired in all researched elements of the BMC. The data shows that the use of AI not only increases the demand for further AI integration within the business own value creation processes but also enhances the desire to transform its own value proposition based on AI. Furthermore, the descriptive findings show a status quo and difference in that issues and can serve as crucial foundations for further research. In particular, to investigate the motivations and reasons for integrating AI into business model elements and its impact on the overall business models in manufacturing industries. Especially with regard to effectiveness and efficiency.
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FOOTNOTES
1Cooperative AI as generative AI show features like explaining themselves (“Explainable AI–XAI”) and adapting to humans usage behavior by interacting as collaborators (“Interactive AI”) (Holzinger, 2016; Adadi and Berrada, 2018).
2E.g., “Likewise, 11.8% of companies have made a fundamental change in their relationships with existing customers, for example, by introducing new forms of customer communication or by introducing personalized forms of customer relationship management (Rammer et al. 2021, S.10).” → “Exchange of information and communication with customers/via customer channels”.
3After the official release of ChatGPT but before it went viral.
28German Federal Statistical Office (2008)
4(1) = “Do not agree at all,” (2), (3), (4), (5) = “Completely agree at all”: According to the range of the scale, 3 relates to the zero point (e.g., (3) = “Neither agree or disagree” Such an indication does not represent any conscious of AI use.
5C= Mean of current performance.
6T= Mean of target performance.
7Diff= T - C.
8d= Effect size according to Cohen (1992).
9AI= mean of target performance of BM using AI.
10No AI= mean of target performance of BM do not using AI.
11Diff= AI–No AI.
12The authors recommend a Confirmatory Factor Analysis (CFA) for further researches.
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