

  jtaer-16-00129




jtaer-16-00129







J. Theor. Appl. Electron. Commer. Res. 2021, 16(6), 2341-2364; doi:10.3390/jtaer16060129




Article



Organizational Structure and Artificial Intelligence. Modeling the Intraorganizational Response to the AI Contingency



Ihor Rudko 1, Aysan Bashirpour Bonab 2 and Francesco Bellini 3,*





1



Eurokleis srl, 00136 Roma, Italy






2



Department of Economics and Law, University of Cassino, 03043 Cassino, Italy






3



Department of Management, Sapienza University of Rome, 00161 Roma, Italy









*



Correspondence: francesco.bellini@uniroma1.it; Tel.: +39-348-380-8226







Academic Editor: Eduardo Álvarez-Miranda



Received: 5 August 2021 / Accepted: 7 September 2021 / Published: 13 September 2021



Abstract

:

Different and profound are the consequences of the further development of artificial intelligence (AI) on society. One of the manifestations of the upcoming changes is the plethora of novel ways in which companies may organize labor and capital. So far, the influence of AI on organizational structure has been mainly studied from either a technological or a broader decision-making perspective. Our paper provides a unique take on the topic, emphasizing the distinctive role of human agency and its function in the upcoming AI-driven organizational changes. Relying on the existing academic literature, we theorized a set of hypotheses concerning best fits to the AI contingency on both macro and meso-organizational levels. To test whether the hypothesized changes might encounter organizational inertia or resistance from jobholders, multiple correspondence analysis (MCA) was applied to the online survey results. Four types of current and potential jobholders were distinguished according to their explicit attitudes towards hypothesized organizational changes: skeptics, doubtful skeptics, optimists, and doubtful optimists, the latter consisting primarily of emerging adults. Finally, we developed a model of intraorganizational response to the AI contingency based on four theoretical groups of individuals, as determined by the analysis. Our findings showed doubtful optimists to be the most important group, able to set organizational trends and positively influence skeptics and doubtful skeptics. Accordingly, promoters of AI-driven organizational changes are advised to design their communication efforts around emerging adults. As the survey was conducted amid the COVID-19 pandemic, its sociological and managerial implications are relevant to the looming reality of the postpandemic world.
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1. Introduction and Basic Assumptions for the Model’s Development


Artificial intelligence is here to stay, whether we want it or not. As a technology, it is neutral, as all technologies are, according to Kranzberg [1]. Its usage, however, will eventually define the socioeconomic implications of its further development. Be it the Second Digital Revolution or Industry 4.0—more specific to the secondary sector—artificial intelligence will play a pivotal role in its definite affirmation [2,3]. More so, its potential uses transcend relative periods of social stability, as AI-based technologies find countless applications even in times of higher social distress, such as pandemics [4,5].



The concept of artificial intelligence is complex, ranging from mathematical theorizations to philosophical considerations of the highest order [6]. Moreover, the notion of AI is not independent of the development of contingent technologies, first and foremost cloud computing, upon which artificial intelligence increasingly relies [7]. For the scope of the theoretical model developed in the paper, we adopted the more practical notion of AI. We considered artificial intelligence mainly as an existing or an upcoming set of technologies, both as software and hardware solutions endowed with some form of simulated human intelligence. In this way, we target the present day’s problems and avoid typical futuristic speculations that frequently surround issues of high-level artificial intelligence and full automation of labor [8].



Within the perspective of contingency theories, artificial intelligence emerges as one of the most relevant factors of internal and external environments and the critical technological factor for most organizations worldwide [9,10,11]. According to the core notion of contingency theories, a company should seek a fit between relevant contingencies and its internal and external organizational structure to gain a sustainable competitive advantage [12,13]. As the perspective suggests, only when an organizational structure fits the AI contingency well is the company’s long-term viability possible.



Although the topic of AI within the organizational framework is becoming increasingly popular (as the breakdown by years of a simple query ((TITLE-ABS-KEY (ai OR artificial AND intelligence) AND TITLE-ABS-KEY (organizational AND design OR organizational AND theory OR organizational AND structure) ) AND (LIMIT-TO (DOCTYPE, “ar”) ) AND (LIMIT-TO ( SUBJAREA, "BUSI" ))) on Scopus reveals), we found little evidence regarding the influence of artificial intelligence on individual structural variables of an organization. Indeed, most of the 47 articles produced by the query (as of August 2021) revolved around either technological aspects of intelligent technologies or decision making in the broader sense. In addressing this research gap, our paper represents the first attempt to study the interplay between AI and organizational structure as broken down by its single micro and meso components.



The regulation and fine-tuning of external organizational variables in response to the AI contingency are not analyzed in the paper. Although the implications of large-scale adoption of artificial intelligence on the macro-organizational structure might be significant, they are not considered either—as the choice of organizational form (typical of a macrolevel of analysis) directly relies on organizational choices at the micro and meso-organizational levels [14]. Therefore, the best organizational fits are hypothesized only by regarding the degree of relevant micro and meso-organizational variables.



In accordance with the research gap, the first research question was formulated as follows:




	
RQ1: What are the plausible influences of the development of AI on the single organizational variables of micro and meso levels of analysis?








Our second research question was agent-centric as it derived from the recognition that individuals are not passive in relation to structural changes, and their agency may also substantially shape structural characteristics [15]. Indeed, employees’ inertia and resistance to change may halt the necessary adaptive changes of the organization. To better understand the attitudes of employees towards hypothesized AI-driven organizational changes, the second research question was formulated as follows:




	
RQ2: How do employees vary according to their explicit attitudes towards organizational changes related to the increasing development and adoption of AI by businesses?








The third research question inevitably arose from the second one:




	
RQ3: What is the best strategy to implement AI-driven changes in the organization given the potential of organizational inertia and resistance resulting from employees’ negative attitudes towards novel intelligent technologies?








Given the limited state of the modern-day organizational literature on the topic, whenever not directly available, the evidence for the hypothetical best fits to the AI contingency was inferred from the vast body of academic literature concerning the influence of information technologies (IT) on the organizational variables of firms. We assume such a generalization is well-grounded. AI-based technologies do present some novel and unique characteristics [16]. They are, nonetheless, ascribable to the more general category of information technologies [17].



As for the consequences of the development and the increasing adoption of AI-based software and hardware by companies, we assumed that the hypothesized socioeconomic outcomes for the upcoming decade will not be overly pessimistic [18]. The assumption is concordant with the recent report of Accenture [16], which unlike the statistical survey of AI experts conducted by scholars from Oxford and Yale [19], offers a brighter view of the near future. According to the authors of the report, intelligent agents are not likely to substitute for human employees. On the contrary, Daugherty and Purdy [16] expect a surge in integrating the skills and capabilities of human operators with the precision and insights of simulated minds. Nevertheless, it is difficult to avoid a cautionary tone in hypothesizing the outcomes of the further development of artificial intelligence. Unlike the enabling technologies of the past technological revolutions, AI presents characteristics of the ultimate job replacer. For the first time in history, a technology holds relevant ontological qualities of both labor and capital [16]. This dimorphic nature makes artificial intelligence a unique factor of production with significant replacement potential. In the latter case, the long-run trend may indeed be that of full automation of labor, grimly predicted by the scholars of Oxford and Yale [19].



Finally, theoretical notions and all the assumptions used in the paper may be applied to all kinds of formal organizations, although with some reservations. Nevertheless, we developed the model with a profit-oriented privately-owned organization in mind, typical of a capitalistic society. Therefore, we use the terms ‘organization’ and ‘company’ interchangeably.



According to the first research question, in the following Section Two, the main hypotheses concerning the influence of AI on the different structural characteristics of organizational design are generated by means of the review of the available literature on the topic. Next (Section Three), in accordance with the second research question, to understand the attitudes of jobholders towards hypothesized AI-driven organizational changes, we introduce the survey through which such attitudes were measured. Multiple correspondence analysis (MCA) was then performed to understand the clustering of the respondents according to their attitudes and demographic characteristics. The third research question is answered in Section Four, where the model of intraorganizational response to the AI contingency is proposed, based on the results of MCA and the sociological analysis of the resultant social groups.



Our findings show that the explicit attitudes towards AI-driven organizational changes vary along two dimensions: affect (how positive or negative are the attitudes) and intensity (how strong are the attitudes). Accordingly, the existence of four classes of jobholders was hypothesized: skeptics, doubtful skeptics, optimists, and doubtful optimists. The sociological analysis of the four categories revealed doubtful optimists to be the most critical social group in terms of effort and organizational resources that managers should spend in order to enable the organizational changes. The latter represents the main practical implication of the paper. On the other hand, academic interest is closely related to the research gap. Indeed, our study is the first to address the issue of AI contingency in a structural manner, investigating its influence on single organizational variables, on both micro and meso levels of analysis.




2. Best Organizational Fits to the AI Contingency. Evidence from the Literature


2.1. Micro-Organizational Variables. Job Variety and Job Richness


Further implementation of technologies based on deep learning, machine learning, and other types of artificial intelligence will not necessarily eliminate existing jobs in their entirety. While some of the simpler jobs that do not require significant intellectual effort, empathy, or intuition may disappear, and new jobs related to the emerging technologies will eventually appear [20,21,22], the main tendency of the following years will be the redesign of existing jobs to accommodate technological advances.



The 2020 Deloitte report sums up the issue perfectly: “cutting costs by eliminating jobs is not the only path available for AI. Organizations face a fundamental choice: whether to use AI solely to automate tasks formerly performed by people, or to use it to assist workers as well” [23] (p. 54). The report introduces the concept of ‘super job’, an integration of tasks and responsibilities from multiple traditional jobs through synergies between human operators and AI. Overall, the authors are confident that rather than eliminating jobs, artificial intelligence will eliminate tasks from jobs [24]. Indeed, most of the automation seems to occur at the task level, not at the level of a job itself [25].



The tendency towards job reorganization rather than automation is confirmed by Brynjolfsson et al. [26]. The authors acknowledge growing concerns about the impact of machine learning and deep learning algorithms on employment. Yet, they conclude that the typical apocalyptic view of ‘full automation of labor’ is misleading. According to the authors, even if the current simple machine learning technologies are potentially pervasive, their adoption will most likely lead to the reorganization of jobs rather than the elimination of jobs. “The focus of researchers, as well as managers and entrepreneurs,” claim the authors “should be not (just) on automation, but on job redesign” [26] (p. 44).



In providing his perspective on the paper of Brynjolfsson et al. [26], Irving Wladawsky-Breger, a Research Affiliate at MIT’s Sloan School of Management, suggests that some of the tasks “are more susceptible to automation, while others require judgment, social skills, and other hard-to-automate human capabilities” and that “just because some of the activities in a job have been automated, does not imply that the whole job has disappeared. Automating parts of a job will often increase the productivity and quality of workers by complementing their skills with machines and computers, as well as enabling them to focus on those aspects of the job that most need their attention” [27]. Indeed, the current wave of automation concerns mainly the simplest of tasks, already dehumanizing at their core, tasks that can be easily delegated to artificial agents. One recent example of tasks restructuring is given by the automation of authentication processes, potentially invaluable in the context of both private and public spaces (e.g., hospitals, schools, and universities) [28].



These arguments are closely related to the changes alongside the vertical axis of job design. We hypothesize that while the jobs are becoming less broad horizontally, AI may enrich them significantly by increasing the amount of autonomy and control each human operator detains in their job [20,29].



In their detailed analysis of the impact on the workplace of robotics and artificial intelligence conducted by IBA Global Employment Institute, the authors predict that one of the main changes at individual working places caused by the growing adoption of intelligent agents will be the increased autonomy of the single employee. “The cross-linking of single employees by new technologies allows easier communication and enables a better exchange of information,” state the authors, “employees will ask for more autonomy and will be focused on many different career paths—sometimes in very different branches or countries—rather than having a 9-to-5 job” [30] (p. 52).



Another critical aspect of a micro-organizational design is psychological sustainability at the workplace [31,32]. The issue closely related to the introduction of AI in an organization concerns technostress [32]. Indeed, job risk and insecurity, underperformance, and the potential work overload, tightly connected to digitization, are looming over the psyche of a modern-day employee. One of the possible ways to eliminate the undesirable psychological effects that may follow the reduction in job variety, such as monotony and mental exhaustion, is to counterbalance the reduced scope of the job with more job enrichment [33]. On the other hand, an organization should actively undertake upskilling initiatives to ensure its employees are comfortable with understanding and using novel intelligent technologies [29].




2.2. Horizontal Axis of Meso-Organizational Specialization. Span of Control


No specific accounts were found in the existing organizational literature on how artificial intelligence may affect the span of control. It is not surprising, though, as according to Galbraith [34] (p. 36), when “the Conference Board, a group that conducts research on organizational structures, surveyed spans of supervision among its members the distribution ranged from 0 to 127 people. The distribution was trimodal, with modes at 7, 17, and 75.” The trimodal distribution suggests there may not exist a dominant factor contributing to the way the optimal size of organizational units is determined. According to the author, “the trend today is toward much wider spans and flatter structures” [34].



We hypothesize there may not exist a specific organizational fit in terms of larger or smaller organizational units as a universal best response to the AI contingency. In addition, other contingencies might play an equally important role in the choice. However, given the scarce state of the academic literature on the subject, we think a further exploration of the topic is needed to formulate an adequate and credible hypothesis.




2.3. Vertical Axis of Meso-Organizational Specialization. Decentralization and Chain of Command


In terms of centralized vs. decentralized rhetoric, the latter approach seems to be the leading organizational trend nowadays. Together with other innovative organizational tendencies, it gives birth to novel organizational forms [35]. Among all the contributing factors, IT is frequently mentioned as one of the most significant facilitators of the growing degree of decentralization (or, vice versa, decreasing degree of centralization) [36]. The notion of decentralization is also closely related to empowerment [37,38].



In his 1999 paper, Malone [39] (p. 141) argues that “greater decentralization in business (including ‘empowerment’) is a response to fundamental changes in the economics of decision-making that are enabled by new information technologies,” and also “as communication costs fall, independent decentralized decision-makers are replaced, first by centralized decision-makers, and then by connected decentralized decision-makers,” suggesting that “empowerment is not just a fad, but likely to become even more important in the next century.”



According to the author, most managers think of decentralization and empowerment issues as related to some minor shifts within the power structure of a company that remains hierarchically centric. However, “to fully exploit the possibilities of new information technologies,” there is a need for a change within people’s mindsets and therefore the will to rethink typical organizational structures to include what he calls “radically decentralized organizations” as novel models of organizing work in the 21st century [39] (p. 141).



As for the more specific contributions concerning AI and decentralization, Mohanty and Vyas [40] argue that artificial intelligence, together with the development of the Internet of Things and Blockchain technology, will lead to the increase in what authors call ‘decentralized autonomous organizations’.



Another critical variable of the vertical specialization of the meso-organizational level of design is the chain of command (expressed as the number of hierarchical levels) [41]. Once again, the broader academic literature concerning the influence of IT on the organizational structure is most helpful here, given the substantial lack of AI-related academic literature on the topic.



The so-called delayering represents one of the most critical aspects of novel organizational tendencies [42]. The excessive number of hierarchical levels is rarely viewed in a positive light. It has been frequently connected with rigidity, less responsiveness to change, high structural costs, communication problems, and higher communication costs, detriment in the quality of decision making, responsibility issues, and reduced motivation [14].



More than 30 years ago, Lawler foresaw IT as one of the most important substitutes for the hierarchy [43], capable of replacing most of its typical functions. Considering the year when the author proposed his list of substitutes, it is hardly surprising that artificial intelligence was not considered one of them, or—which is more likely—that Lawler had implicitly incorporated it into the broader IT category. However, it is obvious now that AI algorithms go way beyond simple information processing [44]. To make decisions and to assign tasks no longer seems way beyond the reach of modern-day AI technologies. The same will likely become true for the more ‘humane’ functions of the hierarchy: guiding and motivating [45]. It is reasonable to assume that AI might become the ultimate substitute of the hierarchy contributing noticeably to the overall passage from tall to flat organizational structures.



A more recent contribution to the topic is provided by Fountaine et al. [46]. In their article, authors claim that “as AI tools spread throughout the organization, those closest to the action become increasingly able to make decisions once made by those above them, flattening organizational hierarchies” [46].




2.4. Coordination Mechanisms of Meso-Organizational Specialization. Standardization, Formalization, and Incentives


According to Schilling [47], a combination of standardization and formalization defines the difference between mechanistic and organic organizational structures. More specifically, a high degree of standardization paired with a high degree of formalization leads to highly mechanistic organizational structures, while a low degree of formalization paired with a low degree of standardization defines organic organizational structures.



Traditionally, mechanistic structures are more desirable for higher productivity and efficiency and are better suited to reap the benefits of the economies of scale. However, one of the major drawbacks of such structures is their propensity to lock down the organization, making it very hard to foster innovations and respond to the external environment readily through organizational change [48,49].



This perspective is helpful in analyzing the influence of AI contingency on the degrees of standardization and formalization. According to Bauman, we live in a highly dynamic world, in which traditional values are now quickly eroding, and consumption became the need and desire in itself as opposed to the mere way of satisfying existing needs and desires on the marketplace [50,51]. For Bauman, these inner psychological changes complemented by increased globalization and the shortening of the products’ turnover on the worldwide scale outline a new stage of modernity which he calls ‘liquid modernity’. According to the sociologist [52], this new historical stage is mainly defined by increased individualization accompanied by feelings of uncertainty and existential ambivalence. Ulrich Beck further integrates the argument. He defines a closely related concept of ‘risk society’. According to Beck [53], a risk society is increasingly concerned with the future, which produces and reproduces the notion of risk.



Burns and Stalker, two of the founding fathers of contingency theories, emphasize that the efficiency of the organizational structure largely depends on the dynamism of the external environment. For the two scholars, if the environment is stable, the mechanistic organizational structure suits a company the most [54]. If the environment is marked by a high degree of volatility, dynamism, and uncertainty, an organic structure works the best [55]. By combining a sociological perspective on the state of modern-day society and the conclusions of Burns and Stalker [54,55] on the choice between mechanistic and organic structures, it is easy to grasp how further development of AI on a worldwide scale may potentially influence the organizational structures of companies. If the preoccupations of Beck and Bauman are correct, artificial intelligence, given its disruptive nature [56], will significantly contribute to the growing uncertainty of the world. The growing risk and dynamism of the external environment will undoubtedly lead to an increasing number of more flexible change-oriented organic structures across all types of companies in the three sectors of the economy. Thus, we hypothesize that the primary influence of AI on standardization and formalization is the reduction in the degree of both, which in turn leads to the adoption of more environmentally responsive organic organizational structures.



Incentives represent another important coordination mechanism of mesovertical specialization. There exist different ways in which incentives may be implemented, from monetary ones [57,58] to the possibility of hierarchical growth and the increased perception of one’s contribution to overall organizational output [59,60]. Artificial intelligence will presumably play a significant role in the definition of one specific incentive. The incentive mainly reflects the long-lasting trend of the decrease in the average number of working hours.



Unlike other types of incentives, the reduction of the average number of working hours is an almost universal trend that rarely depends on managerial decisions but merely follows the technological progress and normative choices of different countries [61]. With the further adoption of AI by companies, the extent and nature of such reduction (including greater temporal flexibility and autonomy) may become more radical than ever, given the high degree of sustainability between human workers and intelligent agents [30].



If not accompanied by a reduction in wages, the decrease in the weekly workload may have numerous psychological benefits leading to a better work–life balance, increased productivity, and an increase in the motivation of employees [30,62,63].




2.5. Overview of the Formulated Hypotheses


Artificial intelligence constitutes an important contingency in both its technological aspects and as a more general external environment of organizations. Moreover, it is going to become even more relevant as the increasing number of scholars emphasize the crucial role of AI in the upcoming technological revolution [3,64,65,66]. A company must strive for the right organizational fit with the AI contingency to reap the long-lasting competitive advantage of the upcoming economic, technological, and societal changes.



The summary of the hypothesized best responses to the AI contingency in terms of specific degrees of key intraorganizational variables is shown in Table 1. These hypotheses formed the basis for the development of the generalized model of intraorganizational response to the AI contingency explored in the following two sections. The hypotheses are derived from the literature review and are, therefore, exogenous to our model.



In a strict sense, the modeling reported in the following two sections concerns the study of the explicit attitudes of jobholders towards the proposed hypothetical AI-driven changes within an organization. The methodological core of the study is rooted in inductive reasoning. However, we did not approach the modeling in an entirely atheoretical manner. Consequently, four endogenous hypotheses were a priori postulated:



Hypothesis 1 (H1).

Most jobholders (current or potential) have primarily positive explicit attitudes towards the proposed organizational changes caused by the further development and adoption of AI by organizations.





Hypothesis 2 (H2).

Albeit positive, the explicit attitudes of jobholders (current or potential) towards decreasing horizontal division of labor are less strong than those concerning the vertical division of labor.





Hypothesis 3 (H3).

Jobholders (current or potential) have no clear preferences towards the degree of the span of control.





Hypothesis 4 (H4).

Among all the jobholders (current or potential), emerging adults play the most crucial role in terms of their ability to transmit positive attitudes towards proposed organizational changes and to help enable organizational changes successfully.







3. Understanding the Attitudes of Jobholders towards Hypothesized Organizational Changes


3.1. Operationalization and Data Gathering


Understanding the attitudes of jobholders, both current and potential, towards imminent changes caused by AI is a major step towards the theorization of the optimal change implementation strategy. If people within the organization resist the changes, the organization is not likely to benefit any of them. Blind implementation alone is dangerous and unwise. To investigate the nature and intensity of employee’s attitudes towards hypothesized organizational changes, we designed a brief crosssectional survey. The survey consisted of twelve questions, five of a generic demographic nature and seven (one to one) related to respondents’ perception of proposed organizational changes.



We decided to put no restrictions on respondents’ age and working status (working/nonworking), as even younger and currently unemployed/nonworking individuals may hold strong attitudes towards hypothesized organizational changes. The sociological reasoning behind the decision is related to the notion of habitus [67] developed by Bourdieu [68]. Habitus can be described as “the embodiment of social structures and history in individuals” and “a set of dispositions, internal to the individual, that both reflect external social structures and shapes how the individual perceives the world and acts in it” [69] (p. 48). Given that an individual’s primary habitus is mainly developed during childhood [68], it is reasonable to assume that the preferences towards certain types of working environments are deeply rooted within respondents and are unlikely to change passively. No restrictions were also put on the respondents’ origin to make the sample as broad as possible and to better capture the ubiquitous nature of the hypothesized organizational changes.



A total of 325 individuals completed the survey. Among those, the majority belonged to the 18–30 years old category (63.7%). People who were 30 years old and beyond constituted 25.8% of the sample. An approximately equal number of males and females participated in the survey. Most respondents came from Europe (45.2%), followed by Asia (24.3%), and North America (19.4%). A total of 46.8% were currently working, while the rest were not working at the moment. Finally, almost 70% of respondents were students, while the rest were not. No personal information that might lead to the identification of the respondents was at any point gathered during the survey. The anonymity of the respondents was respected. Seven hypotheses-related questions were carefully formulated to unambiguously communicate the nature of the hypothesized organizational changes to respondents, according to the proposed best fits summarized in Table 1. We structured the answers for this block of questions in the form of a Likert scale (‘yes’, ‘more yes than no’, ‘more no than yes’, ‘no’, denoting strongly positive, weakly positive, weakly negative, and strongly negative attitudes, respectively). The even number of categories was not accidental but served a clear purpose of preventing individuals from choosing neutral responses such as ‘I do not know’. This served to diminish the likelihood for the respondents to select ‘easy’ answers and conclude the survey as soon as possible, given that no incentives were offered to respondents for answering the questions diligently. Each response set was coded as a character variable in RStudio, denoting, respectively, the attitudes towards lower scope jobs (scope), richer jobs (richness), a greater span of control (size_of_ou), greater decentralization (decentralization), a lower chain of command (numb_of_levels), more organic structures (organic), and greater nonmonetary incentives (incentives). Standardization and formalization were treated as a single organizational variable, given that a high degree of both typically leads to organic organizational structures [47]. The direct measurement of attitudes is commonly practiced in organizational psychology and related disciplines [70,71]. Nevertheless, only explicit attitudes can be effectively measured by employing a survey. To measure implicit attitudes would require a more elaborated resource-heavy methodology, such as implicit association tests (IAT) [72]. As explicit attitudes are typically considered the best predictors of behavior [73], we considered a simple questionnaire a sufficient instrument for the paper’s goals. The common methods bias was controlled [74]. In particular, before sending the questionnaire to the respondents, it was tested on ten individuals via Zoom Cloud Meetings platform. We then performed a series of short semistructured interviews to verify whether individuals understood the questions correctly and to see if there was any systematic error or inconsistency in understanding the concepts operationalized by each question. No such error was detected.



Because of the COVID-19 pandemic, the survey was held online. The survey was delivered to respondents through social media channels and via email. Chain referral (snowball) sampling was employed due to the difficulty of procuring enough respondents for the survey during the lockdown [75,76]. One hundred questionnaires were distributed initially. Sixty-four individuals had answered within a week and agreed to propel the survey forward. The final number of respondents was assessed 30 days after the initial questionnaires were sent. Additionally, we assumed that the reduced set of questions (one for each hypothesis) would decrease the likelihood for the respondents to drop the survey midway or to answer randomly, as frequently happens when no incentive for completing an online survey is provided [77,78].



To eliminate any other potential source of bias, the broader scope of the survey was not revealed to the respondents before the debriefing, as we asked them to participate in “a very short survey about structural characteristics of jobs.” The respondents that defined themselves as ‘currently not working’ were asked to answer the questions by thinking of their desired future job.




3.2. Exploratory Analysis


The heterogeneous Internet channels through which the survey was spread secured us good geographical coverage of respondents. Most respondents (53.9%) were European. The dominant age group was between 18 and 30 years old (63.7%). An almost equal number of males and females participated in the survey. The respondents age 18 and below were too few (10.5%) to significantly influence the interpretation of the results. Therefore, this group was not considered during the formulation of the model.



Table 2 shows the distribution of answers of the respondents to the seven hypotheses-related questions (in percentage terms).



Regarding the two organizational variables of the microlevel, job variety and job richness, we hypothesized that the adoption of artificial intelligence would eventually reduce the number of tasks, especially mundane ones, accompanied by greater job autonomy. While the increase in autonomy was well appreciated by the respondents, with more than 88% having either strongly (‘yes’) or weakly (‘more yes than no’) positive attitude towards richer jobs, the perspective of the reduced job variety, regardless of making it clear that the elimination would concern the most mundane of tasks, has encountered significant opposition, with only little more than 62% of respondents preferring, either strongly or weakly, the reduction in job variety. We consider this at least a bit concerning, as the reduction in job variety is one of the most direct and anticipated consequences of the increasing adoption of AI-driven technologies by companies.



The size of organizational units was the only variable we considered while investigating the horizontal axis of specialization of the mesolevel of organizational design. We hypothesized that the effect of the AI contingency on the variable was unclear because numerous other factors may influence the best fit. The hypothesized uncertainty in choosing the right size of organizational units was mirrored by respondents’ preferences, with little more than 54% having either strongly or weakly positive attitudes toward larger work teams and the remaining part preferring to work in the smaller work teams. Thus, respondents showed no dominant preference for a particular size of organizational units.



All the other hypothesized organizational changes (decentralization, shorter organizational structures, organic organizational structures, and reduced working hours given the same wage) were positively evaluated by the predominant majority of the respondents.



Given the categorical nature of gathered data, multiple correspondence analysis was performed to investigate additional intersectional dynamics nested in the individuals’ answers. Furthermore, it provided us with a statistical rationale upon which the model of the intraorganizational response to the AI contingency was based. Although MCA is unsuitable for inferential conclusions, we considered it the most appropriate tool for our goals. Indeed, the usage of multiple correspondence analysis and similar dimensionality reduction techniques (such as factor analysis) are common in both psychology and sociology to uncover existing stable taxonomies of traits [79] and tastes across social classes [68].



Six hypotheses-related categorical variables (scope, richness, decentralization, numb_of_levels, organic, incentives) entered the analysis as active variables; the size of organizational units was not taken into consideration, as we were not able to formulate a coherent hypothesis concerning the best fit to the AI contingency in terms of the optimal dimension of organizational units. Consequently, the inclusion of the latter into MCA could have skewed the interpretation of the results. The analysis produced 18 uncorrelated dimensions. The first two accounted for 25.15% of the total inertia. As shown in Figure A1 (in Appendix A), these were the two dimensions that stood out.



Detailed examination of analytical results (Table 3) and MCA factor maps for both supplementary and active categories (Figure A2 and Figure A3 in Appendix A) led us to the following observation: individuals with predominantly strongly negative attitudes towards the proposed changes were most likely to end up in the first quadrant of the plane (northwest); individuals with predominantly strongly positive attitudes were most likely to end up in the second quadrant (northeast); uncertain individuals with predominantly weakly positive attitudes were most likely to end up closer to the third quadrant (southwest); uncertain individuals with predominantly weakly negative attitudes towards proposed organizational changes were most likely to end up in the fourth quadrant of the plane (southeast).



The clustering tendency was further confirmed by MCA factor maps reporting the spatial distribution of 325 respondents along the two most significant dimensions according to their attitudes towards hypothesized organizational changes. As can be seen in Figure A4, Figure A5, Figure A6, Figure A7, Figure A8 and Figure A9 (in Appendix A), in all cases but two, confidence ellipses were relatively isolated, indicating the existence of a significant separation among the existing subgroups of respondents. Overall, individuals scoring higher on the first dimension were more likely to hold negative attitudes towards proposed organizational changes. Individuals scoring higher on the second dimension were more likely to give more firm answers (‘yes’ or ‘no’) to the questions. In accordance with MCA results, we may relabel the first dimension as ‘overall negativity of attitudes’ and the second dimension as ‘overall level of certainty’.



Based on the MCA results, we devised four theoretical categories of attitude-holders: skeptics with strongly negative attitudes towards proposed organizational changes, uncertain skeptics with weakly negative attitudes towards proposed organizational changes, optimists with strongly positive attitudes towards proposed organizational changes, and doubtful optimists with weakly positive attitudes towards proposed organizational changes.



To understand the distribution of demographic characteristics on the plane, we analyzed the MCA results according to four supplementary variables (age, gender, status, student). As shown in Figure A10, Figure A11, Figure A12 and Figure A13 (in Appendix A), except for the working status, there was no significant overlap of confidence ellipses on the respective MCA factor maps (excluding the ‘below 18 years old’ category of age variable). Although when considered separately, variables denoting age, gender, and academic status (student/nonstudent) were not the best predictors of attitudinal strength, females in their twenties who were still studying were more likely to be uncertain about their attitudes. On the contrary, men in their thirties who had finished their studies held stronger attitudes on average. The negativity/positivity of attitudes and the demographic variables were almost uncorrelated.





4. Formalization of the Model and Discussion


The respondents’ attitudes showed a considerable degree of concordance with the hypothesized organizational changes. For all the proposed changes but two, a predominant majority of respondents answered either ‘yes’ or ‘more yes than no’. Table 4 summarizes survey results in more descriptive terms. We purposefully relabeled the answers as ‘in favor’, ‘slightly in favor’ (for ‘yes’ and ‘more yes than no’ categories) and ‘in disfavor’, ‘slightly in disfavor’ (for ‘no’ and ‘more no than yes’ categories) for the sake of better presentational clarity. Labels used in the ‘Levels of concordance’ column are also arbitrary. Once again, we used them only to enhance the presentational clarity of the results. We considered overall explicit attitudes to be concordant with the hypothesized organizational change if the majority of respondents had been either ‘in favor’ or ‘slightly in favor’ of the proposed change.



The survey provided solid evidence that the hypothesized organizational changes will encounter little to no organizational resistance from employees. Nevertheless, one organizational variable appears to be more critical than the others. While most of the respondents (62.8%) preferred less job variety by renouncing the most mundane tasks, a significant part of the respondents was still not willing to accept jobs with a smaller scope. Promoters of organizational change should consider this while implementing the AI-driven changes related to the horizontal dimension of the micro-organizational structure.



As for the MCA results, we considered the age group between 18 and 30 years old to be especially interesting, mainly for a sociological reason. Sociologists typically label those young people in the developed countries as ‘emergent adults’ [80]. They are closely related to a novel cohort of ‘cultural intermediaries’, first noticed by Bourdieu [51] and later described by Featherstone [81]. As the result of the major erosion of traditional values, higher demand for education on the job market, financial liberation of females, and other related reasons, those young males and females seek to postpone their marriage until their 30s and actively engage in what Featherstone calls an “aestheticization of everyday life” marked by experiential consumption, extensive traveling, and prolonged education to accumulate cultural capital needed later in life [51]. The category of cultural intermediaries is important here for mainly two reasons. Firstly, they typically are the early adopters of technology, fashions, ideas, and lifestyles. Secondly, they usually transmit those attitudes and trends to a broader population through various communication channels [81]. This alone makes them the ultimate trendsetters and influencers [82].



While most cultural intermediaries, as described by Featherstone [81] and Stillerman [51], are emergent adults, it is essential to emphasize that not all emergent adults fall within the category of cultural intermediaries.



The MCA revealed the theoretical existence of four groups of individuals: optimists with strongly positive attitudes towards hypothesized changes, skeptics with strongly negative attitudes towards hypothesized changes, and two other groups showing higher degrees of uncertainty in terms of their attitudes (either predominantly positive or negative). While the group of optimists is significant, it is the group of doubtful optimists that requires significant managerial attention for mainly two reasons:




	
Individuals within the group hold weaker positive attitudes towards the imminent organizational changes, and therefore their attitudes may easily become negative in the future.



	
Gender aside, other relevant demographic characteristics of the group (age and academic status) fit the description of cultural intermediaries given by Featherstone [81]. Therefore, individuals belonging to the group are more likely to change the attitudes of others, and they are the most influential trendsetters and early adopters.








Optimists and doubtful optimists constituted a predominant majority of the respondents. While little managerial effort is advised regarding the former, we consider the latter to be the most significant of the four theoretical groups. We suggest that promoters of organizational change make considerable efforts to convince members of this group about the benefits of the upcoming AI-driven organizational changes. By doing so, not only may they strengthen the already positive attitudes of cultural intermediaries that constitute the core of the group, but it may be possible to leverage those individuals’ position as idea brokers to convince the other doubtful individuals (skeptics and optimists) about positive aspects of the upcoming changes. According to the model, a significantly lower number of skeptics with strong negative attitudes is not worth the managerial time and effort, as it is more likely that they will continue to pose a significant resistance to the upcoming organizational changes no matter what types of communication and change implementation strategies will be adopted.



Based on the results of MCA, a simple 2 × 2 matrix was created. We designed it to provide the promoters of organizational change with a simple tool to make their change implementation strategies more efficient. The rows of the matrix denote the strength of attitudes (weak or strong). In contrast, the columns denote the type of attitudes (positive or negative) towards organizational changes caused by the AI contingency (Table 5).



As shown in Table 5, the promoters of change should invest most of their efforts to win the predisposition of cultural intermediaries. Losing their favor may be detrimental for the whole process of change, as their negative attitudes may spill over into other groups, which in turn may cause significant organizational inertia and resistance to change.




5. Conclusions


5.1. Main Findings


Artificial intelligence is becoming one of the most relevant technological and environmental contingencies of the near future [83,84]. According to the core notions of contingency theories, we consider organizational fit with AI strategically important for any company to gain and maintain a sustainable competitive advantage. Analysis of existing academic literature on the topic led us to formulate a set of hypotheses concerning the potential changes that further development and the adoption of AI by companies may bring to their internal organizational structures, on both micro and meso levels of analysis.



The major changes involve the micro-organizational level and primarily concern job variety and job richness. Although a substantial part of related literature points to the probable reduction in job variety, in terms of mostly eliminating mundane tasks out of jobs, employees will also see their jobs becoming richer in terms of greater procedural autonomy and accountability for the performed tasks. Significant changes regarding meso-organizational variables include reduction in the degree of centralization, the passage from tall to flat organizational structures, the increasing adoption of organic organizational structures, and the decrease in the average number of working hours per week as the main nonmonetary incentive. While most of those changes reflect the major modern-day organizational trends, artificial intelligence may significantly increase the speed of their adoption. Still, we are entirely aware that only further systematic research efforts within the area may prove us right or wrong.



Regardless of organizational changes related to the further adoption of AI, the anthropic aspects of any organization should remain the primary concern. In light of the latter consideration, it was deemed important to understand if any of the hypothesized changes will encounter some form of organizational resistance or inertia. The crosscultural survey of 325 current and future employees of all ages showed a satisfactory degree of match between hypothesized organizational changes and explicit personal attitudes of individuals towards them. The reduction in job variety, however, even if by means of eliminating the more mundane tasks out of jobs, was seen as a negative trend by a consistent minority of the respondents. Therefore, managers are advised to be particularly careful in redesigning the horizontal dimension of jobs in relation to the AI contingency.



By considering the explicit attitudes that individuals crossculturally hold regarding the hypothesized organizational changes and relying on the results of multiple correspondence analysis, the model of intraorganizational response to the AI contingency was developed. The model theorizes the existence of four categories of jobholders: optimists, doubtful optimists, skeptics, and doubtful skeptics. We consider the latter group to be the most important due to the ‘cultural intermediaries’ cohort it incorporates. This alone makes individuals belonging to the group highly capable of influencing the attitudes of their own and other groups’ members.



Although several attempts were made to understand the nature of the interrelationship between AI-related technologies and the structural characteristics of an organization [20,21,22,30,39,40,46], to our knowledge, this study represents the first in its kind addressing the issue systemically across multiple dimensions of the ideal-type of a typical organizational structure. Indeed, the previous studies were mainly concerned with micro job-related issues, both vertically [20,21,22,23,25,26] and horizontally [29,31,32]. The important mesolevel variables—mainly related to the span of control, number of hierarchical levels, centralization, standardization, formalization, and incentives—have been consistently neglected by scholars. Indeed, to hypothesize plausible organizational changes in response to the AI contingency on the meso level of analysis, we have extensively relied on a more general ontological framework concerning the role of IT within organizations [43]. Those considerations have been integrated with famous sociological theories regarding the state of modernity and risk society [50,52,53]. Compared to other studies in the field, ours offers a unified and multidisciplinary perspective on the topic. Thus, it represents an integrative effort to bridge agency and structure on both micro and meso levels of analysis.




5.2. Managerial Implications


The present study is potentially valuable for the promoters of organizational change, regardless of their formal role within an organization. Indeed, more and more researchers, both in industry and academia, recognize AI as a potentially disruptive technology representing a paradigm shift similar in magnitude to the discovery of the silicon transistor. Given such importance, artificial intelligence could potentially become the most critical technological contingency for most organizations. The main question for us was not whether such substantial changes happen, but rather, if they happen, what the organizational consequences will be, and what are the best ways to implement them in a relatively efficient manner while considering the resisting forces of agents (mainly employees) on the structure. In particular, our model suggests a clear line of action—in terms of which actors should be targeted first and foremost—for the promoters of organizational changes. The latter can use the model to successfully enable the AI-related organizational changes, especially when some employees meet such changes with a high degree of suspicion.




5.3. Theoretical Implications


Regardless of what the future will bring, we firmly believe the human aspect should always be given primacy within organizational studies. However, as already mentioned, most scholars have investigated the topic either from the more technical or purely generalist perspective concerning the elaboration of information and decision making. In the current scenario, our study taps into the research gap and was novel from at least two points of view: it adopted a structural approach and studied the influence of AI on single organizational variables and—more importantly—it recognized the primacy of individuals in the workplace. Indeed, the latter are not just passively internalizing and adapting to the changes but are in a continuous negotiation process with the promoters of organizational change. By putting the individual first, we hope to inspire and contribute to the future line of research, adopting the perspectives of psychological and sociological evaluation of the AI phenomenon in the workplace.




5.4. Research Limitations and Further Research Directions


Irrespective of strong conclusions, the model of intraorganizational response to the AI contingency requires further empirical validation and testing. Firstly, while some of the hypothesized changes of organizational variables are undoubtedly linked to AI—such as the reduction in job variety—others are part of more general organizational trends, or the extent to which artificial intelligence will contribute to those changes is unclear. Organizational literature dealing with the influence of AI on the important variables of the intraorganizational structure is still very poor. Only additional research may further confirm or refute the proposed set of hypotheses. Secondly, the performed analysis of individuals’ attitudes was based on a relatively small sample of respondents. Furthermore, chain referral sampling was used, mainly due to the ongoing COVID-19 pandemic. The sampling method was contingent on the lockdown situation; however, we do recognize that the representativeness of the sample could have been affected as a result [76]. Further replication studies with higher numbers of participants and more stringent sampling requirements are needed to confirm the obtained results.



Nevertheless, we remain confident about the practical relevance our model may confer to organizational change practitioners, especially now, in light of the upcoming technological and societal changes caused by the increasing development and adoption of intelligent software and hardware. We also believe that the methodology used in the research has the merit of generalizability. Thus, it may be applied to different kinds of contingencies. Moreover, the research outcomes are unique. Indeed, for the first time (within the specific domain of AI in organizational studies), the emphasis was put on individual agents, as implementors of change and jobholders, rather than on the technology or the overall structure. We hope our paper will provide researchers with helpful hints and insights regarding both methodology and the distinctive ontological perspective.
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Figure A1. MCA. Decomposition of total inertia. 
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Figure A2. MCA. Active categories. 
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Figure A3. MCA. Supplementary categories. 
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Figure A4. MCA. Distribution of respondents by attitudes towards reduced job scope. 
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Figure A5. MCA. Distribution of respondents by attitudes towards increased job richness. 
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Figure A6. MCA. Distribution of respondents by attitudes towards increased decentralization. 
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Figure A7. MCA. Distribution of respondents by attitudes towards flatter organizational structures. 
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Figure A8. MCA. Distribution of respondents by attitudes towards organic structures. 
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Figure A9. MCA. Distribution of respondents by attitudes towards reduced working hours. 
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Figure A10. MCA. Distribution of respondents by age. 
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Figure A11. MCA. Distribution of respondents by gender. 
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Figure A12. MCA. Distribution of respondents by working status. 
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Figure A13. MCA. Distribution of respondents by academic status. 
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Table 1. Hypothesized best fits to the AI contingency.






Table 1. Hypothesized best fits to the AI contingency.





	Intraorganizational Level
	Organizational Variable
	The Best Fit to AI Contingency (in Terms of the Degree Assumed by an Organizational Variable)
	Main Reason
	References





	Micro (horizontal division of labor)
	Variety/scope of job
	Low
	Initially, AI will not eliminate jobs but remove tasks from jobs
	[20,21,22,23,24,25,26,27,28]



	Micro (vertical division of labor)
	Richness/autonomy of job
	High
	Increased job autonomy is the most efficient way to compensate for the reduction in job variety
	[20,29,30,31,32,33]



	Meso (horizontal axis of specialization)
	Span of control (size of organizational units)
	The effect of AI is unclear
	The optimal size of organizational units is the result of the interplay of multiple different factors
	[34]



	Meso (vertical axis of specialization)
	Degree of centralization
	Low
	Decentralization is the major organizational trend significantly influenced by the development of IT
	[35,36,37,38,39,40]



	Meso (vertical axis of specialization)
	Number of hierarchical levels (length of the chain of command)
	Low
	Given its intrinsic properties, AI may be considered the perfect substitute for the hierarchy
	[14,41,42,43,44,45,46]



	Meso (coordination mechanism)
	Standardization
	Low
	As a set of disruptive technologies, AI is contributing to the uncertainty of the economy; therefore, organic structures will be more required
	[47,48,49,50,51,52,53,54,55,56]



	Meso (coordination mechanism)
	Formalization
	Low
	As a set of disruptive technologies, AI is contributing to the uncertainty of the economy; therefore, organic structures will be more required
	[47,48,49,50,51,52,53,54,55,56]



	Meso (coordination mechanism)
	Incentives
	High
	Incentives mainly concern the reduction of the average number of working hours per week (assuming the same wage). AI may significantly contribute to the trend given the high degree of sustainability between simple human tasks and the intelligent technology
	[30,57,58,59,60,61,62,63]
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Table 2. Survey results. Hypotheses-related questions.
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	Questions
	Yes
	More Yes than No
	More No than Yes
	No





	In your future or the current job, would you like to perform less of the mundane activities (like replying to emails or filling in forms)?
	32%
	30.8%
	22.8%
	14.5%



	Would you like your future or the current employer to provide you with more autonomy, control, and responsibility for the tasks you are performing?
	51.7%
	36.6%
	5.5%
	6.2%



	Currently or in the future, would you prefer to work in larger work teams?
	27.1%
	18.5%
	35.4%
	19.1%



	Would you like to work in an organization where your work team is independent of the upper management and is directly responsible for its own decisions and actions?
	49.5%
	34.2%
	10.5%
	5.8%



	Would you like to work in an organization with fewer bureaucratic levels between you and your manager?
	56.3%
	28.3%
	7.1%
	8.3%



	Would you like to work in an organization with less formal procedures, codes of behavior, practices, and rules?
	43.4%
	28.9%
	17.2%
	10.5%



	Given the same wage, would you like to work fewer hours on average?
	52.6%
	26.2%
	12.6%
	8.6%
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Table 3. MCA active categories. Analytical results.






Table 3. MCA active categories. Analytical results.


















	Categories
	Dim. 1
	Ctr.%
	Cos2
	v. Test
	
	Dim. 2
	Ctr.%
	Cos2
	v. Test
	





	scope_More no than yes
	0.254
	0.642
	0.019
	2.480
	*
	−0.243
	0.600
	0.017
	−2.377
	*



	scope_More yes than no
	0.148
	0.297
	0.010
	1.781
	
	−0.603
	4.982
	0.162
	−7.236
	*



	scope_No
	0.917
	5.332
	0.142
	6.789
	*
	0.569
	2.082
	0.055
	4.208
	*



	scope_Yes
	−0.738
	7.633
	0.256
	−9.110
	*
	0.496
	3.504
	0.116
	6.123
	*



	richness_More no than yes
	1.198
	3.483
	0.084
	5.222
	*
	0.272
	0.183
	0.004
	1.186
	



	richness_More yes than no
	0.249
	0.996
	0.036
	3.409
	*
	−0.788
	10.117
	0.358
	−10.77
	*



	richness_No
	0.730
	1.439
	0.035
	3.367
	*
	0.983
	2.651
	0.063
	4.533
	*



	richness_Yes
	−0.392
	3.477
	0.164
	−7.296
	*
	0.412
	3.902
	0.181
	7.665
	*



	decentralization_More no than yes
	0.604
	1.672
	0.043
	3.716
	*
	−0.748
	2.606
	0.065
	−4.602
	*



	decentralization_More yes than no
	−0.080
	0.095
	0.003
	−1.032
	
	−0.720
	7.891
	0.269
	−9.337
	*



	decentralization_No
	2.207
	12.482
	0.303
	9.901
	*
	0.909
	2.152
	0.051
	4.078
	*



	decentralization_Yes
	−0.333
	2.410
	0.109
	−5.942
	*
	0.547
	6.607
	0.294
	9.759
	*



	numb_of_levels_More no than yes
	0.829
	2.131
	0.052
	4.118
	*
	−0.580
	1.061
	0.026
	−2.883
	*



	numb_of_levels_More yes than no
	0.169
	0.352
	0.011
	1.906
	
	−1.013
	12.945
	0.405
	−11.46
	*



	numb_of_levels_No
	2.157
	16.937
	0.422
	11.687
	*
	1.016
	3.819
	0.094
	5.504
	*



	numb_of_levels_Yes
	−0.507
	6.346
	0.331
	−10.36
	*
	0.432
	4.690
	0.241
	8.837
	*



	organic_More no than yes
	0.376
	1.066
	0.029
	3.087
	*
	−0.658
	3.324
	0.090
	−5.405
	*



	organic_More yes than no
	−0.129
	0.209
	0.007
	−1.476
	
	−0.701
	6.328
	0.200
	−8.048
	*



	organic_No
	1.678
	12.910
	0.329
	10.325
	*
	1.048
	5.114
	0.128
	6.445
	*



	organic_Yes
	−0.468
	4.168
	0.168
	−7.378
	*
	0.476
	4.379
	0.174
	7.501
	*



	incentives_More no than yes
	0.239
	0.316
	0.008
	1.635
	
	−0.333
	0.624
	0.016
	−2.279
	*



	incentives_More yes than no
	0.039
	0.018
	0.001
	0.421
	
	−0.607
	4.293
	0.131
	−6.503
	*



	incentives_No
	1.811
	12.376
	0.309
	10.007
	*
	1.176
	5.308
	0.130
	6.500
	*



	incentives_Yes
	−0.373
	3.214
	0.155
	−7.082
	*
	0.189
	0.838
	0.040
	3.586
	*







dim. 1 and dim. 2 are the coordinates of categories on the plane, ctr. is the contribution of a category to the definition of dimensions (in percentage terms), cos2 is the quality of representation of each category on the factor map, v. test is a test statistic. Only categories with * have coordinates significantly different from zero (p-value less or equal to 0.05).
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Table 4. Summary of survey results.






Table 4. Summary of survey results.





	Organizational Variable
	The Best Fit to AI Contingency (in Terms of the Degree of org. Variable)
	Survey Results
	Level of Concordance between Overall Explicit Attitudes and the Hypothesized Best Fit





	Variety/scope of job
	Low (less of the mundane tasks)
	In favor: 32%. Slightly in favor: 30.8%. Slightly in disfavor: 22.8%. In disfavor: 14.5%
	Moderate >60%



	Richness/autonomy of job
	High
	In favor: 51.7%. Slightly in favor: 36.6%. Slightly in disfavor: 5.5%. In disfavor: 6.2%
	Strong >80%



	Span of control (size of organizational units)
	The effect of AI is unclear
	In favor of larger teams: 27.1%. Slightly in favor of larger teams: 18.5%. In favor of smaller teams: 19.1%. Slightly in favor of smaller teams: 35.4%
	Overall slight preference towards smaller work teams >50%



	Degree of centralization
	Low
	In favor: 49.5%. Slightly in favor: 34.2%. Slightly in disfavor: 10.5%. In disfavor: 5.8%
	Strong >80%



	Number of hierarchical levels (length of the chain of command)
	Low
	In favor: 56.3%. Slightly in favor: 28.3%. Slightly in disfavor: 7.1%. In disfavor: 8.3%
	Strong >80%



	Standardization and formalization
	Low (organic structure)
	In favor: 43.4%. Slightly in favor: 28.9%. Slightly in disfavor: 17.2%. In disfavor: 10.5%
	Moderately strong >70%



	Incentives
	High (fewer working hours on average given the same wage)
	In favor: 52.6%. Slightly in favor: 26.2%. Slightly in disfavor: 12.6%. In disfavor: 8.6%
	Strong >80%
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Table 5. Model of intraorganizational response to the AI contingency.
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	Positive Attitudes
	Negative Attitudes





	Strong attitudes
	II Optimists

The most stable cohort posing no threat in terms of organizational resistance to changes. MCA maps them as men mostly over 30 years old who have finished their education. Given the strength of their attitudes, no managerial efforts are recommended.
	I Skeptics

The most problematic group of individuals posing a significant resistance to the upcoming organizational changes. They are, however, significantly outnumbered by individuals belonging to other groups. Managerial efforts to convince them of the positive aspects of changes may be too expensive and ineffective; therefore, no action in their regard is recommended.



	Weak attitudes
	III Doubtful optimists

The positive attitudes of this group’s members are weak; managers should implement proactive strategies to make those attitudes more stable. MCA maps the individuals belonging to the group as primarily female, under 30 years old, and still studying. The latter two characteristics fit the profile of cultural intermediaries. This subgroup is highly capable of influencing the attitudes of their own and other groups’ members.
	IV Doubtful skeptics

Although their attitudes are negative, those individuals remain quite unsure about them. No particular action is recommended, as addressing cultural intermediaries (in group III) more effectively may be the best strategy to convince doubtful skeptics about the positive aspects of organizational changes indirectly.
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