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Abstract 
 

Artificial Intelligence (AI) is gaining importance in many areas, including manufacturing, 

but research on the use of Big Data and AI in manufacturing is scarce. This paper focuses 

on AI and innovation in terms of how AI is reshaping the innovation organisation in 

manufacturing firms and how AI helps generate innovation. We use the behavioural 

theory of the firm with a focus on organisational problem solving and information 

processing in the context of innovation. Research data were collected using European 

Manufacturing Survey. Our results show that AI has an impact on innovation, just not in 

the way we predicted according to behavioural theory. 
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Introduction and theoretical background 

Artificial intelligence (AI) is almost everywhere, but research on the use of Big Data and 

AI in manufacturing is scarce. The predominant stream of literature is purely theoretical 

and no empirical studies were found. However, Haefner et al. (2020) provide a research 

direction and pose two bold theses: AI is changing the way innovation is organized and 

AI is helping to generate innovation. They cite (Amabile, 2019) that innovation has 

traditionally been seen as a domain for humans, as they have the "unique" ability to 

innovate. Even though AI may have disadvantages compared to humans, they have found 

that innovation managers have started to change the way innovation is done, especially 

with huge amounts of data that companies collect through their sensors. Finding ways to 

apply AI and machine learning to companies' innovation processes is important for upper 

management to reduce ever-increasing R&D costs, and for innovation managers to be 

more productive and not lose jobs to machines. In addition, the market is becoming so 

volatile that we expect many innovations, only a handful of which will be successful in 

the market. The behavioral theory of the firm will be used, with particular attention to 

organizational problem solving and information processing in this context of innovation. 

Behavioral theory as described by (Cyert and March, 1963) is a view that organizational 

problem solving can be described by viewing organizations as information processing 

systems. Their logic was that the organization can be viewed as a simple algorithm or 

combination of algorithms that process information. And yet, information processing is a 

key component of innovation in organizations. The process should be simple, collect 
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relevant data, process it, analyze it, and decide. Today, more and more information and 

knowledge is stored electronically without human intervention. The digitized 

organization becomes the main component for analysis because of the large amount of 

data it collects. However, if this data is not analyzed, nothing can come out of it. 

Innovation management involves a number of stages, including (1) identifying, 

discovering, creating, and generating innovative ideas, opportunities, and solutions; (2) 

developing or exploiting different ideas, opportunities, and solutions; and finally (3) 

evaluating and selecting one or more of the most promising ideas, opportunities, and 

solutions (Haefner et al., 2020; Kijkuit and van den Ende, 2007). Therefore, only the use 

of these data by AI tools is analyzed in this paper. The hypothesis is that as managers are 

able to go beyond their current knowledge base using AI, they should be able to develop 

more innovative solutions and identify more creative opportunities (Soni, et al., 2020). 

And, Tang et al (2020) describe the speed of diffusion of these innovations. So, there is 

no time to wait and companies, if they want to stay in business, need to start using their 

data through AI to innovate, among other things. 

 

Research design 

As mentioned above, there is a complete lack of empirical research on the use of AI in 

innovation, probably because this is considered a human task. Some attempts are worth 

mentioning: in a four-case research, Kakatkar et al. (2020) described how AI helps 

humans to produce innovations. In this paper, using data from the European 

Manufacturing Survey, the current state of engagement with the collection of data and the 

analysis of that data that would lead to innovation was presented. 

Innovation in itself is a complex process and we do not believe that there is a linear, 

iterative process of developing new innovations. We strongly believe that people play an 

important role, as also emphasised by the previously mentioned authors (Haefner et al., 

2020). 

The first research question is more practical - what is the impact of AI on innovation 

(defined as a new product in the factory or a factory incorporating important technical 

improvements). 

The second is more complex, i.e., what is the role of humans in innovation 

performance.  

Therefore, we propose the following hypotheses: 

• H1. The use of AI will have a positive impact on innovation 

• H2. R&D department will have a moderating effect of using AI on innovation 

• H3. Practices such as TQM, CI, and quality programs will have a mediating effect 

between data collection and innovation. 

Explanation: 

H1. The use of AI will have a positive impact on innovation 

Haefner et al. (2020); Kijkuit and van den Ende (2007); Soni, et al. (2020), state that 

there is absolutely no doubt that AI will promote innovation as it will analyze large 

amounts of data and find patterns where humans are unable to due to the sheer volume of 

data. 

H2. R&D department will have a moderating effect of using AI on innovation 

Since there is not yet a universal AI, i.e., an AI that is able to learn new things and gain 

new insights, that is constantly refining its algorithms, and that is able to develop new 

products, we agree with previous authors that human capital, measured in this study by 

investment in R&D, has a direct effect on the use of algorithms to develop new products, 

i.e., we hypothesize that R&D has a moderating effect on the use of AI for new products. 
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H3. Practices such as TQM, CI, and quality programs will have a mediating effect 

between data collection and innovation. 

It has been shown through several news articles that Google and Facebook have had 

issues with their algorithms being fed data from social media. When the first ERP 

programs were installed, it was a fact that bad and unclean data will lead to poor results 

and bad decisions. The same is true with AI. You have to clean the data for the algorithm 

to learn and deliver meaningful results. That's where the philosophy of total quality 

management and continuous improvement and any quality program meticulously applied 

to data collection will have better effects. We assume here not a direct effect but an 

indirect effect of these practices on new products.  

The hypotheses are summarized in a proposed model (Figure 1). 

 
Figure 1 – Proposed research model 

 

Research methodology 

Research data was collected through the European Manufacturing Survey (EMS), the 

largest survey on European manufacturing industry activities. The main objective of the 

EMS project is to track production practices in European manufacturing companies. The 

survey includes questions on production and information technologies, new 

organizational concepts and the implementation of modern manufacturing/management 

practices. Questions in the survey cover manufacturing strategies, technological concepts 

in production and servitization, as well as data on performance indicators such as 

productivity, flexibility, quality and turnover. The survey is administered to 

manufacturing firms (NACE Rev. 2, codes 10 through 32) with at least 20 employees on 

a three-year cycle. In order to collect valid data that allow international comparisons, the 

EMS consortium uses various procedures recommended by the Survey Research Center. 

For example, the items and scales used as measurement instruments in the EMS study 

were developed from an extensive review of the current literature on manufacturing 

practices. To ensure content validity, a literature review was conducted and the draft 

questionnaire was reviewed by a panel of experts before being piloted in several plants. 

It was also subjected to analysis for reliability and construct validity through standard 

statistical methods (including intercorrelation matrices, Cronbach's alpha, factor analysis 

and canonical correlation). 
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The Croatian, Slovenian and Austrian subsamples were used for the present research, 

mainly because they are three neighboring countries that are not as developed as leading 

European economies such as Germany or France. The questionnaires were sent to CEOs 

of manufacturing companies in March 2018. The data collected includes 105 usable 

responses from Croatia, 127 from Slovenia and 253 from Austria, which have been 

compiled for this analysis in the 2019 edition of the EMS database. 

The analysis of the data is performed using a five-stage OLS regression to check for 

mediating and moderating effects. Structural Equation Modeling is not appropriate here 

because we are dealing with single-item variables rather than constructs. We need to 

check the mediation of two variables (quality programs and R&D investment), which is 

done first by evaluating the direct effect from data collection to innovation and then by 

adding each potential mediator, and check whether the first direct relationship loses 

strength and significance.  

To check for moderating effects (strong direct influence), we had to standardize all 

values and then run multiple OLS regressions again to check whether the moderators were 

significant.  

Table 1 shows our sample and some descriptive data. 
 

Table 1 – Research sample and descriptive data   
Frequency Percent 

Nace Rev 2 - 2 digit level Low technology 147 30,3  
Medium-low technology 190 39,2  
Medium-high-technology 121 24,9  

High-technology 27 5,6  
Total 485 100 

Number of employees  Small <50 employees 189 39  
Medium 50-249 employees 205 42,3  

Large > 250 employees 91 18,8  
Total 485 100 

Complexity of the product Simple products 92 19  
Medium complexity 240 49,5  
Complex products 138 28,5  

Total 470 96,9 

Missing No data 15 3,1 

Total 
 

485 100 

    
Country numeric SLO 127 26,2  

HR 105 21,6  
AT 253 52,2  

Total 485 100 

ROS before tax <0 43 8,9  
0 do 2% 66 13,6  

>2 do 5% 107 22,1  
>5 do 10% 122 25,2  

>10% 73 15,1  
Total 411 84,7 

Missing No data 74 15,3 

Total 
 

485 100 
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Results 

We tested 2 moderation effects because the hypothesized one did not become significant. 

So we ran two OLS regressions to test whether R&D investment was a moderator of the 

relationship between AI use and innovation (that was the hypothesis), and whether R&D 

investment moderated the relationship between data collection and AI use. Neither factor 

proved to be a mediator, which only complicates the explanation of the actual relationship 

between AI use and innovation. 

We then tested whether there is a mediation effect of R&D and quality programs in 

the chain from data collection to innovation. The method is simple: first, a direct effect 

of data collection on innovation is evaluated, then mediators are added to test whether 

there is a decrease in the size of the direct effect and its significance. The direct effect has 

standardized beta coefficient 0.145 and sig. 0.005. The addition of the first quality 

programs decreased the size and significance, but the direct relationship did not become 

insignificant, implying that it is only a partial mediation. However, R&D is a complete 

mediator as the direct relationship is no longer significant (0.097, p=0.059).  

The results are summarized in Figure 2. Where each number on the arrow represents 

the standardized beta coefficient and significance. 

 
 

Figure 2 – Results of the model 

 

As we can see from Table 2, adding each variable of the model becomes important, 

measured either by R or R-squared. The entire model is significant at the p=0.000 level. 

Except for quality programs, which contribute but are not significant, all other variables 

contribute significantly to adoption. Based on the numbers in the model in Figure 2 and 

the significances of the data collection analyzed by AI from R&D, companies can 

introduce new products. However, one thing is extremely troubling. Looking at the 

control variables in the fifth model, this innovation using AI is only beneficial for rich 

firms that can invest in these technologies. If only Slovenia (2), and Croatia (1) the 

significance of this variable vas not significant. Adding Austria (3) now showed that the 

country is also a predictor. The scale of countries ranged from 1 - least developed to 3 - 
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most developed. The negative coefficient for country shows that the higher the country 

index, the lower the innovation. This seems to be quite a strange result, considering that 

Austria performs better than Slovenia and Croatia in many areas. 
Table 2 – Results from the 5 step OLS analysis 

Coefficientsa 
   

  
Standardized 

Coefficients Sig. 

Collinearity 

Statistics  
Model 5 Coefficients Beta Tolerance VIF  
(Constant)  0,247   

 
Nomber of employess in 

3 groups 
0,014 0,793 0,735 1,361 

 
complexity of the 

product 
0,081 0,097 0,895 1,118 

 
Country numeric -0,111 0,022 0,899 1,112  
ROS 0,134 0,004 0,973 1,028  
Nace Rev 2 - 2 digit level -0,006 0,898 0,862 1,16  
Zscore:  Use: AI on data 

from sensor or like 
0,162 0,008 0,573 1,746 

 
Zscore:  Automatic 

operating data storage 

implemented 

0,096 0,054 0,848 1,18 

 
Zscore:  Methods of 

assuring quality in 

production: use 

0,008 0,870 0,802 1,246 

 
Zscore:  R&D (internally 

or externally) in 2017 
0,284 0,000 0,808 1,238 

 
Moderator -0,08 0,180 0,596 1,677 

Model R R Square Change Statistics   

 
R 

Square 

Change 

Sig. F Change 

1 ,272a 0,074 0,074 0,000 

2 ,303b 0,092 0,018 0,006 

3 ,332c 0,11 0,018 0,005 

4 ,334d 0,112 0,002 0,385 

5 ,425e 0,181 0,069 0,000 

6 ,429f 0,184 0,004 0,180 

g Dependent Variable: Zscore:  Innovation: major technical improvements 

 

However, none of our hypotheses were confirmed by behavioural theory, which views 

organizations as information-processing systems. Quality programs should ensure the 

quality of data, and R&D would be fully responsible for the development of new products 

through the use of AI. Instead of direct relationships, we have mediation effects, which 

means that they influence new products only indirectly. We cannot reject the behavioural 

theory as an information processing system because we have not considered the 

contribution of other departments, namely marketing, design, and other departments. 

Unfortunately, we do not have this data. A few months ago, it was common to collaborate 

with others for innovation, which seems untrue when it comes to AI. Data and algorithms 

are the new gold and no one wants to share them. Although we could not confirm our 
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hypotheses, our results are in line with (Soni, et al., 2020) that AI actually promotes 

innovation.  

However, a recent study by NewVantage Partners (2021) claims that the promise of 

AI investments in terms of innovation is still low. They show that the percentage of 

innovation with data is low (in their opinion): 59.5% in 2019, 64.2% in 2020 and 48.5% 

in 2001. They cite organizational culture, which is not adapted to this new way of 

working, as the main obstacle to more innovation with data and AI. This could explain 

why we did not find moderating effects, but rather mediating effects, and that we did not 

address the issue of organizational culture in AI-driven innovation. To further explain 

these controversial results, we conducted a regression analysis to determine the extent to 

which the use of AI contributes to new product sales. The coefficient of determination 

was only 26.8%, which is very low and suggests that other factors contribute to new 

product sales. Interestingly, in the case of new product sales, the control variable ROS 

was not significant, but the size of the plant was. 

 

Conclusion 

Even though NewVantage Partners (2021) claims that the promise of AI investment in 

terms of innovation is still small, we have shown that AI does indeed have an impact on 

innovation, just not in the way we predicted according to behavioural theory. Behavioural 

theory views organizations as information-processing systems, so we expected direct 

relationships and moderating effects. However, we found more mediating effects and the 

most reasonable conclusion might be the one from the NewVantage Partners report 

(2021) that in pursuing innovation using AI, organizational culture must be changed, as 

was the case when ERP implementations began and many failed because there was no 

cultural change necessary for a new ERP system to work. 
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