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Abstract

This study aims to simulate an adaptive Neuro-Fuzzy inference system model of innovation labs, which is a model to
predict the level of digitization of the innovation process in knowledge-based companies. The results of 188 indicators
were distributed among 18 experts in this field in the form of a 5-point Likert questionnaire and a two-round Delphi
method. The result of the work was 5 components as input to the model, which were sent in the form of a questionnaire
to 230 knowledge-based companies in Pardis Technology Park, of which 198 companies completed and resubmitted.
From this number of samples, 150 data points were isolated for training data and 48 data as model testing based on
a random function. In the last phase, i.e. modelling, the adaptive fuzzy-neural inference method was used for the
model. The network separation method or the lookup table (PG) in MATLAB 2023 software was used to evaluate the
performance of the model using the root mean square error (RMSE) and relative error(E). This research was able to
present the design model of a smart innovation lab with a very low error. As a result, it was able to achieve effective
indicators in the degree of digitalization of the innovation process.
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1 Introduction

The ideal form for an innovation process, whether in its general form from the stage of idea formation to entering
the market and commercialization, or in each of the parts separately, should be in such a way as to have the highest
productivity (combined efficiency and effectiveness) during the process. Moving in this direction will reduce financial,
time and human costs. One of the concepts that covers the innovation process from the beginning to the end is
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the innovation laboratory concept. By using these laboratories, organizations, commercial companies, accelerators
and growth centers have been able to obtain a comprehensive view of this process, and secondly, by making changes
in each part of it, they can adjust the outputs according to the micro goals, and guide their parents. According
to Clayton Christensen [32], 95% of product innovation processes fail. According to PWC’s 2017 report, 54% of
innovative organizations face a major gap in transforming their innovation strategy into a big business strategy [25].
In this regard, as factors of innovation failure, BCG reported in 2016 that 42% of failed innovation projects had a very
long development time. 32% did not choose the right idea and 31% did not have a risk-taking culture. 25% lacked
the ability to collaborate, 22% did not have good enough ideas, and 20% were lacking in marketing innovations [117].
In the search for ideas, all the efforts of these laboratories are to involve the customer more at the beginning of the
innovation process so that they can minimize the possible costs of not welcoming the idea into the market. Another
thing is that under the selection process, how to act in screening among the flood of ideas in such a way that the
highest chance can be imagined for the commercialization of that idea. Some people consider the use of experts and
the opinions of experienced experts to be helpful, but in practice and in the real world, this does not happen due to
organizations being locked in their current routines, and in the continuation of innovation, it suffers a systemic failure.

In addition to routines, the limited rationality of humans during the search and selection process can also be
mentioned. Another issue is that, after the stage of choosing ideas during the process of implementation and ex-
ploitation, the requirement of prototyping, pilot productions and testing the beta form of products are all costly and
time-consuming processes. The involvement of human tastes, even in the form of experts, adds to the complexity
of this phase and stages of managing innovation projects. Finally, in the last part, i.e. the maximum use of inno-
vation achievements, the limitations of the life cycle of a product or technology, as well as the dependencies of the
previous path of an organization, as well as knowledge spillovers due to the human-centeredness of decision-making
processes, this can be making the sector face a serious challenge. The consequences of the continuation of this form
of decision-making in innovation management increase the probability of failure of the whole process and include the
reduction of effectiveness and the achievement of goals, i.e. the successful commercialization of ideas in the market,
on the one hand, and on the other hand, the reduction of efficiency, which means the loss of financial resources and
Sometimes due to the existence of human decisions, it is affected by limited rationality and the overall productivity of
innovation decreases. Among the possible influencing factors in increasing the productivity of an innovation process,
it is possible to reduce the time interval from idea generation to entering the market, moving from path dependencies
to path creation strategy, lean screening and selection of ideas. Optimally, he pointed out in capturing the opinions
of customers along the way and absorbing and adapting their ideas through the strategy of open innovation and opti-
mizing the prototyping phase in the implementation of the project. In all of these solutions, according to the obtained
literature, traces of human decisions can be seen both individually and in the form of organizational routines created
over time. The main issue in this research is how to digitize the innovation process in the form of designing a model of
an innovation laboratory. From a practical point of view, it is to present the model of an innovation laboratory that
can solve this gap and systemic failure caused by the human mind in decision-making by using intelligence.

The relevance of innovation to ensure the competitiveness of companies has been confirmed among researchers
and professionals [126]. Also, innovation is a risky process that requires resources, competence, culture and attitudes
that cannot even be easily promoted and managed [45]. In this regard, most organizations rely on external entities,
namely innovation intermediaries, research and development laboratories or innovation centers, to exploit innovation
processes [40)].

Innovation labs are models of innovation management that aim to foster creative and critical thinking, guide
the organization in finding the best ways to produce knowledge and digital culture, introduce technology, digitize
operations and implement digital strategies for continuous and digital innovation.

Today, in the digital age, the dynamics of innovation are changing. Even after covid-19, the digital ecosystem is
even more dynamic and unpredictable. Global and virtual competition, as well as the rapid development of digital
technologies and solutions, raise efficiency standards, speed up market dynamics, and shorten product life cycles [126].
In addition, consumers are evolving into customers whose goal is to participate in co-creation processes of products,
services, and experiences. Their needs and habits are also changing.

Therefore, innovation becomes popular quickly and easily and is replaced by new innovative solutions. The result
is that the organizations that operate must be flexible, active and able to evolve in the same way that the competitive
landscape requires. Therefore, innovation should be frequent and periodic. Continuous innovation is required and
must be pursued through holistic engagement by the entire organization, stakeholders, and customers, not just senior
management and dedicated facilities. Each actor involved in innovation must be aware of the organization’s vision,
goals, and strategies in order to effectively contribute and generate value [87], [T03].



Simulating an adaptive neuro-fuzzy inference system (ANFIS) model of innovation labs for technology-based ... 3

In addition, innovation is increasingly digital and data-driven, and most organizations must embark on a digital
innovation journey without difficulty. The rapid development of digital technologies contributes to the generation of
large volumes of data, information and knowledge, which further increase the barriers to innovation and accelerate the
pace of change. For effective understanding and management of technology, codification and exploitation of generated
knowledge, specialized skills and new governance models are needed [76]. But, even if they are equipped with advanced
technological infrastructure and skilled employees, the current actors of innovation, such as research and development
laboratories or innovation centers, are no longer able to maintain and improve the innovation capacity of companies
[28]. These environments are still thought of as separate entities and are unable to guarantee stakeholder commitment
and productive dialogue with the entire organization. Due to the mismatch in digital skills and awareness, employees
are not able to understand the reasons and potential of implementing new technology and displacement.

Therefore, the next challenge in the digital ecosystem is to promote and define conditions, roadmaps and manage-
ment models for implementing digital innovation strategies, for managing digital knowledge and fostering continuous
innovation [16] [103].

The research of new management solutions, practices and models that enable the dynamics of continuous innovation
and digital exploitation is a current topic of great importance for both researchers and practitioners [5I]. Among
emerging practices, innovation labs have emerged as a valuable response to organizations’ needs to develop a digital
culture and continuous innovation attitudes [108].

Changes in businesses, organizational processes and the influential role of customers in all stages of innovation after
the fourth industrial revolution have a special acceleration, to the extent that the human mind has the ability to make
decisions and adapt to this onslaught of information and data. and does not have cooperation networks. Perhaps this
is why artificial intelligence tools are mentioned as the main competitive advantage in this century. A turning point
during which intelligent systems came to the aid of humans to, in addition to compensating for human decision-making
errors, put an end to problems such as path dependence and human-centered organizational routines. The innovation
process equipped with artificial intelligence systems under the title of Intelligent Innovation Laboratory will address
this issue. According to the literature and the background of the research obtained, the design of various models of
innovation laboratories has been done in recent years, of course, these models also sometimes need to be completed in
some parts, but according to the investigation carried out done, there has been no research on the smartening of these
laboratories with this mentioned approach. Considering the competitive requirements in the coming century, including
the reduction of the lifespan of technologies, their complexity, their difficult testability, and the unwanted overflow of
knowledge, more than any other aspect, this research is directed towards intelligentization in order to reduce the time
of the innovation process. From creating and acquiring an idea to its successful entry into the market. Of course,
this reduction in time does not mean renouncing the efficiency and effectiveness of an innovation process, but rather
reaching the highest productivity in the shortest possible time and minimum cost. Among the practical benefits of
this research is the use of intelligent laboratories by organizations, knowledge-based companies, research centers and
accelerators active in the innovation ecosystem in order to minimize human error along the way. In this research, for
the first time, fuzzy neural networks are used to design the model of an innovation laboratory, which, according to the
deep learning process that is institutionalized in neural networks, in case of repetition and over time in an innovative
organization., has the ability to become a model with a reinforcement learning approach.

2 Research methodology

First, to review the relevant literature and extract components and indicators related to smart innovation labs,
systematic review methods, and the use of the Prisma protocol [22], text analysis and scanning were used to evaluate
articles and scholarly texts using the Google Scholar search engine. This impression is created in such a way that one
sees the connection between these two keywords in the title and abstract of the article. The number of 400 articles
(2000-2023) was extracted with the keywords Innovation laboratory, smart innovation laboratory, Digital innovation
and digital transformation which formed the main articles after the year 2015 has the best adaptability to the research
object. Among them, 290 articles with more than one reference were selected. The content of these 290 articles was
studied and finally 149 articles related to the selected topic were used as the material and context of this study. The
systematic review results are presented in Table

The theoretical method of saturation sampling was applied at this stage, so no new content was retrieved from
the articles as new indicators, and other indicators were common in meaning and concept. After reviewing these 149
articles and specialized texts, 189 indicators related to the topic of Smart Innovation Labs were extracted. Second,
these 189 indicators are summarized into 42 new headings based on the degree of overlap and similarity of concepts.
These 42 new indicators were shown in table
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Table 1: Primary components extracted from the literature

NO The literature of indicators Indicators References
1 Digitization refers to the transformation from material scale to digital Converting physical scales to digi- [52]
tal.
2 Digitization is related to processes, content and topics. Digitization of processes 52|
3 The new organizational argument points to a special focus on distributed  Networking 155]
mass communication networks and therefore can be a great opportunity for
digital innovation.
4 see productivity as the fundamental mechanism of digital innovation. Productivity 155]
5 emphasize the dynamism of their larger digital ecosystems. to be dynamic 77
6 opportunities for innovation by digitizing products and offering digital ser-  Digitization of services 98
vices.
7 Development of digital innovation acknowledge the complexity of material — Digital development of the innova-  [154]
theory performance in digital innovation. tion process
8 Distributed mass communication networks of employees use digital tech- Employee digital networking 74]
nology to make decisions.
9 challenges for any company require managing innovation and understanding  Digital assets [156]
the unique assets of the digital innovation process
10 One of the reasons that the process of digital innovation to control and Benefit from digital technologies 149]
prediction is problematic in the production of digital technology
11 It is possible to completely rebuild business around new opportunities and  Business through digital platforms  [10]
new demands through digital technology.
12 Digital transformation describes a sometimes-broad change process that  Digital transformation of the orga-  [81]
may have multiple goals, while innovation focuses on the moment of inven-  nization
tion and the implementation of that invention
13 Digital technologies imply data assimilation, editability, reprogramming, Data assimilation, editability, [77]
distribution and self-reference. programmability, distribution and
self-referencing
14 A digital platform can include technical principles (of software and hard-  benefiting from digital standards 168]
ware) and related organizational processes and standards as a collector
15 Digital platforms are multilateral markets that successfully bring producers  Exploiting multi-sided digital mar-  [30]
and consumers together and support them in creating new forms of value.  kets
16 Organizational logic in digital innovation is based on non-linear processes.  Taking advantage of non-linear  [125]
processes
17 Organizational logic in digital innovation is based on yield control. Organization efficiency 24
18 The organizational logic in digital innovation is based on agility. Organization agility 65
19 Organizational logic in digital innovation is based on communication net- The organization’s digital commu- 110]
work. nication network
20 Market dynamics in digital innovation is based on a two-way market. Market dynamic in digital innova-  [139]
tion
21 Market dynamics in digital innovation are based on a multitude of niche Taking advantage of a multitude of  [121]
markets. niche markets in digital innovation
22 Market dynamics in digital innovation are based on shared platforms. Taking advantage of sharing plat-  [116]
forms.
23 Organizational architecture design in digital innovation is based on func-  Organizational architecture design  [130]
tional structures. based on functional structures.
24 Organizational architecture design in digital innovation is based on business ~ Organizational architecture design  [75]
complexity. based on business complexity.
25 Organizational architecture design in digital innovation is based on reuse  Organizational architecture design  [146]
of ideas. based on reuse of ideas
26 Organizational architecture design in digital innovation is based on produc-  Organizational architecture design  [82]
tive designs. based on productive designs
27 Organizational architecture design in digital innovation is based on changes  Organizational architecture design  [64]
in the level of features. based on changes in the level of fea-
tures
28 In digital innovation, we mean processes and product innovation that are  Benefiting from robotic technolo-  [§]
powered by digital technology and information services and robotics. gies
29 Digital innovation is referred to as new waves of cognitive, technical and  Digitization of physical products 123]
organizational innovation that follow the digitization of physical products.
30 Digital technology is defined by new digital combinations for new produc- Production of new products 6]
tion.
31 consider digital innovation as a product, process or business model that Benefiting from the digital busi- [8§]
provides some specific changes in the adoption of IT information technology. = ness model
32 Digital innovation is enabled by the new idea, method and understandable  Access to new ideas [18]
subject that digital technology guarantees.
33 Organizations can act as strings between people, practices, tools and other ~ Solving the problem through the  [100]

resources and connect them together to create digital solutions.

digital platform
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34 Innovation artifacts can be an important tool for individual careers in craft ~ Collaboration and decision-making  [I30]
as well as group communication, collaboration, and decision-making while  through a digital platform
finding digital innovation solutions.

35 Providing IT management is a strategy to deal with the pressures of the The ability to examine markets [116]
commercial competition market, which is actually instead of being pre- through the digital platform
dictable, focusing on improving and innovating as much as possible in
conceptual spaces, the management strategy for digital innovation is ex-
ploratory and its focus is on testing.

36 Digital innovation means the innovation of products, processes or business  The innovation of products, pro- [23]
models that use the digital technology platform as a means or an end in  cesses or business models is based
organizations. on digital technology

37 The ability of digital technology creates innovation in production Digital technological capability 102

38 Digital technologies have distinct characteristics of digitizing data and sub-  Capability of Digitizing Data and 118
jects. Topics

39 Digitization stimulates the development and diffusion of digital technolo- Development and dissemination of  [53]
gies. technology from the digital plat-

form

40 Digitized information can be stored, transformed or transmitted and ac-  Ability to store, transform and  [121]
cessed by any digital device regardless of content. transfer data

41 Digital information can be edited through reprogramming. It is possible to  Ability to edit information 158]
build external system digital solutions after deployment.

42 Fundamentally self-referential digital innovation is required to create digital  Self-referentiality of innovation 199]
technology.

43 Digital technology is both the reason and the basis for the expansion of Increasing participation and scala-  [111]
digital innovation, which refers to scalability and reduction of barriers and  bility of innovation
causes widespread participation and democratic innovation.

44 Traditionally, innovation is often defined as a discrete, sequential and per- The ability to search, choose and  [145]
manent process with order and results, and the innovation process is divided  execute and capture value in the
into search, selection and implementation, and value capture. innovation process

45 The innovation process described by includes idea generation, defense and ~ Ability to generate ideas and test  [41]
testing, commercialization, dissemination and implementation. commercialization, dissemination

and implementation

46 Innovative processes are also necessary conditions for digital innovation; The capability of innovation pro-  [92]
But they alone are not enough to advance the digital innovation capabilities  cesses in the digital platform
of an organization.

47 Capabilities increase if organizations support distributive and hybrid inno- ~ Supporting distributive and hybrid  [122]
vations. In order to achieve this goal, companies need to understand and innovations
support these practices.

48 Companies are actively developing digital innovation and have practices  Actively expanding digital innova-  [36]
that are their own innovative methods. tion

49 Businesses need a dynamic tool to support their digital innovation man-  Having a dynamic tool in the inno-  [92]
agement efforts. vation process

50 Digital products and services should offer high levels of usability and beau-  well-designed of digital products  [71]
tiful design and invite employment. and high level of digital services

51 Digital innovations require architectural value propositions. The ability to value the architec-  [120]

ture of the organization

52 In recognition of opportunities for innovation, business firms should survey =~ Gathering information and cre-  [43]
their digital environment, which involves gathering information about new  ating new channels with users
digital devices, channels, and user behavior. through the digital platform

53 As digital innovation benefits, businesses need to acquire new skills inter-  Ability to acquire new internal and  [55]
nally and externally. external skills by the organization

54 The flexibility and low cost of digital technologies require higher degrees of  Having the flexibility and low cost  [104]
innovation. of digital technologies

55 The relationship between digital innovation and profitability has reportedly =~ High profitability of the organiza-  [59]
increased in the fourth industrial revolution. tion

56 The increasing automation and digitization of production shows that ad- The increasing automation and  [70]
justment of work performance and labor relations can easily be considered  digitization of production
by management with the consequences of technical and neutral mechanisms
alike.

57 The current wave of technological innovation and its relation to work and  Capability of digital capitalism 146]
production is combined with terms such as the fourth industrial revolution
of digital capitalism.

58 The products and technologies developed and produced in collaborative  Taking advantage of shared [141]

work environments reflect the increasingly blurred boundaries between dig-
ital technologies and manufactured products. These activities include the
use of digital manufacturing technologies such as 3D printers to make ar-
tifacts and IoT-based development that integrates digital technologies into
physical products.

workspaces, digital manufacturing
technologies such as 3D printers
for making artifacts, and IoT-
based development
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59 Clustering and sharing of tacit knowledge are very important in an industry. ~ Ability to cluster and share tacit  [I50]

knowledge in an industry

60 According to the latest technologies, along with new technologies and new  Ability to use network-based and  [135]
spaces, a new form of network-based innovation model has also emerged - open innovation model
one that is open and based on community and workspace.

61 One of the first challenges in researching collaborative digital workspaces  Collaborative digital workspaces 169]
and their processes is the lack of common understanding or even common
terms to describe the phenomenon.

62 Workspaces based on communities of practice allow people to share and  Workspaces with the ability to  [101]
experiment with digital tools and provide experiences of an emerging pro- share digital tools and test expe-
duction method, i.e. peer production. riences

63 Claims about networks of innovation and digital manufacturing stem from  Digital manufacturing capability  [69]
the “industrialization of the maker movement” at the intersection of digital — and small-scale production
manufacturing and small-scale manufacturing.

64 Digital fabrication tools make it possible to transform local workspaces and ~ The ability to transform local [132]
home spaces into small manufacturing labs. workspaces and home spaces into

small production laboratories

65 Small-scale producers are emerging and growing in the maker movement as  small-scale, local and networked  [37]
a specialized, local, and networked group. manufacturing capabilities

66 Small-scale production potentials may arise from access to a production Small-scale production capability  [29]
system model that is "open and accessible” to potential consumers and with access to an open and ac-
entrepreneurs. cessible production model for con-

sumers and entrepreneurs

67 The inclusion of shared workspaces as part of distributed and consumer- Inclusion of co-working spaces 1211
oriented digital manufacturing services has begun.

68 Innovation in innovation networks and digital manufacturing is known by  People’s innovation capability, [131]
different names, including grassroots innovation, citizen-based innovation, citizen-based innovation  and
and bottom-up innovation. bottom-up innovation are known.

69 In many countries, there is a common goal for innovation to address broader ~ Ability to address socio-economic  [2]
socio-economic problems rather than a commercial imperative. problems

70 There are elements of lean innovation with its emphasis on informality and ~ Ability to benefit from cost- [157]
doing. which has been reinterpreted in local and digital contexts. effective innovation

71 Due to its technology-based origin, which is usually rooted in software  Openness of the innovation process  [113]
development, openness can be described in terms of three basic character-  with reusability, adaptability, and
istics: reusability, compatibility, and organizational transparency organizational transparency

72 The ”paradoxes of openness” in innovation networks and digital manufac- Openness in innovation networks  [129]
turing should be considered. and digital construction

73 Social capital is generated through a network where nodes can mediate Benefiting from social capital [26]
connections between otherwise disconnected segments. through a network

74 The position of the organization in the network (expressed in centrality =~ Organization’s greater access to in-  [64]
criteria) affects its innovative performance; Because it enables more access  formation
to information.

75 More access to information creates positive effects on learning and organi-  More accessibility to information 164]
zational reputation.

76 As the industry matures, firms tend to partner at short intervals with  Recognizability more than other  [12]
cognitively engaged organizations. organizations

7 The tendency of innovation system actors to participate more with organi- The willingness of innovation sys-  [12]
zations that are cognitively similar. tems actors to be more involved

with other organizations

78 Personal contacts represent an important channel of knowledge diffusion  Benefiting from mediation posi- [42]
and show how critical ties and organizations with brokerage positions offset  tions of organizations in network-
the negative effects of network fragmentation. ing

79 Factors that make innovation projects that fail 42% have a very long de- Possessing innovation projects  [117]
velopment time. 32% did not choose the right idea and 31% did not have  with  short-term  development,

a risk-taking culture. 25% lacked the ability to collaborate, 22% did not choosing the right idea, having a

have good enough ideas, and 20% were lacking in marketing innovations risk-taking culture, the ability to
collaborate, having a good enough
idea, lack of defects in marketing
innovations

80 Innovation communication has been confirmed among researchers and pro- Communication of innovation be-  [126]
fessionals to ensure the competitiveness of companies. tween researchers and professionals

81 Innovation is a risky process that requires resources, competence, culture  Having resources, competence, cul-  [45]
and attitudes that cannot even be easily promoted and managed. ture and effective attitudes

82 Most organizations rely on external entities, namely innovation interme- Relying on external institutions, [40]

diaries, research and development laboratories or innovation centers, to
exploit innovation processes.

i.e. innovation intermediaries, re-
search and development laborato-
ries or innovation centers
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83 The rapid development of digital technologies and solutions raises efficiency ~ Rapid development of digital tech-  [126]
standards, accelerates market dynamics, and shortens product life cycles. nologies and solutions

84 Not only senior management and dedicated facilities. Every actor involved  Awareness of innovation actors [87]
in innovation must be aware of the organization’s vision, goals, and strategies  Vision, goals and strategies of the or-
in order to effectively contribute and generate value. ganization

85 To understand and effectively manage technology, codification and exploita-  The ability to code and use the gen-  [76]
tion of generated knowledge, specialized skills and new governance models erated knowledge
are required.

86 The current actors of innovation, such as research and development labora-  Ability to create new innovation ac-  [27]
tories or innovation centers, are no longer able to maintain and improve the  tors
innovation capacity of companies.

87 Improving and defining conditions, roadmaps and management models for ~ Ability to promote and define con-  [16]
implementing digital innovation strategies, for managing digital knowledge  ditions, roadmaps and management
and fostering continuous innovation. models for implementing digital in-

novation strategies, for managing
digital knowledge and

88 New management solutions, practices and models that enable the dynamics  Benefiting from management solu-  [51]
of continuous innovation and digital exploitation are a current issue of great  tions, practices and models for digi-
importance for both researchers and practitioners. tal exploitation

89 Among emerging practices, innovation labs have emerged as a valuable re-  Ability to develop digital culture [108]
sponse to organizations’ needs to develop digital culture and continuous
innovation attitudes.

90 Still shows the lack of management models based on innovative approaches  The ability to address the organiza-  [108]
and methods and addressing current competitive challenges. tion’s current competitive challenges

91 Innovation labs are defined as a dedicated center that encourages creative  The ability to encourage creative [93]
behaviors and promotes innovative projects by providing appropriate re- behaviors and promote innovative
sources. projects.

92 Emphasize the role of creative spaces to increase innovation. The ability to create spaces 91

93 Innovation Lab is considered as a collaborative ideation space that helps Having a space for collaborative 19
organizations break down the walls of traditional labs and enables different  ideation
people to participate in creative and innovative activities.

94 The basic distinguishing feature of innovation labs is that they are innovative  The ability to co-create potentially  [94]
spaces that enable organizations to adopt the paradigm of open innovation, successful innovations, open innova-
user-centered innovation, and collaborative innovation by overcoming hi-  tion paradigm, user-centered innova-
erarchies and by promoting stakeholder participation in the co-creation of tion and collaborative innovation
potentially successful innovations

95 Innovation Lab is a dedicated center for encouraging creative behavior and  The ability to encourage creative [86]
supporting innovative projects, which supports innovative scientific activi- behaviors and support innovative
ties by providing appropriate resources and model building facilities for new  projects
projects.

96 Innovation Lab is an environment with dedicated facilities and shared The ability to create shared [91]
workspaces where groups and teams of employees can interact with each  workspaces
other, discover and expand their creative thinking beyond normal bound-
aries.

97 Innovation Lab is a dedicated physical environment where appropriate tools — The ability to help the idea creation  [54]
and methods are used to help the idea creation process with innovation process by developing innovation
development.

98 An innovation lab is an ideal physical or virtual co-working environment The ability to create an ideal phys-  [95]
where companies can develop, test and promote innovations. ical or virtual collaborative work

environment for developing, testing
and promoting innovation

99 Innovation Lab is a common intersection with a dual purpose: stimulating The ability to stimulate business  [143]
business model innovation and developing a systematic approach to innova-  model innovation and develop a sys-
tion processes where the three components of environment, technology and  tematic approach to innovation pro-
facilitating mechanisms are used to make it appropriate. cesses

100  Innovation Lab is a collaborative and location-independent ideation space  Benefiting from a common and [67]
that requires three interrelated components, technological environment and  location-independent ideation space
facilitating mechanisms, to be suitable for ideation and innovation activities. =~ with three interrelated components,

i.e. technological environment and
facilitating mechanisms

101  Innovation Lab is a physical space for testing innovative ideas, business Having a physical space to test in-  [127]
models, new economic practices or flexible structures. novative ideas, business models, new

economic practices or flexible struc-
tures
102 An innovation laboratory is a physical structure or dedicated stimulus that ~ Having a physical structure for the [94]

mediates the innovation process and enables the effective development of
innovations through the provision of shared services and necessary resources.

effective development of innovations
through the provision of joint ser-
vices and necessary resources
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103 The Innovation Lab should primarily be a management initiative to in- Benefiting from organizational initia- [I59]
fluence organizational initiatives with a focus on developing capacity be-  tives with a focus on innovation devel-
havior in terms of propensity to innovate. opment
104  The activities of innovation labs should be aligned with the vision and  Alignment with the vision and strategic  [149]
strategic goals of the organization and should be inspired by innovative  goals of the organization
methods and approaches that enhance stakeholder participation and sat-
isfaction.
105  Innovation labs are innovation management models that aim to foster =~ The ability to cultivate creative and crit-  [124]
creative and critical thinking, guide the organization in finding the best ical thinking, guide the organization in
ways to produce knowledge and digital culture, introduce technologies, finding the best ways to produce knowl-
digitize operations and implement digital strategies for continuous and edge and digital culture, introduce tech-
sustainable innovation paths. nologies, digitize operations and imple-
ment digital strategies for continuous
and sustainable innovation paths.
106 ~ Most organizations rely on a wide range of external institutions to exploit  Relying on external institutions, such as  [89]
innovation processes, including technology zones, innovation intermedi- technology zones, innovation intermedi-
aries, research and development laboratories or innovation centers. aries, research and development labora-
tories or innovation centers
107 Global and virtual competition, as well as the rapid development of digital =~ The ability to participate in global and  [103]
technologies and solutions, increase efficiency standards, speed up market  virtual competition as well as the rapid
dynamics, and shorten product life cycles. development of digital technologies and
solutions
108  Every actor involved in innovation processes must be aware of the vision, Knowledge of the vision, goals and [87]
goals and strategies of the organization in order to contribute effectively  strategies of the organization
and generate value.
109  To understand and effectively manage digital technology, codification and ~ The ability to code and use the gener-  [76]
exploitation of generated knowledge, specialized skills and new governance  ated knowledge
models are required.
110  Current innovation laboratories, in the traditional form of research and  Ability to maintain and improve innova-  [27]
development laboratories and innovation centers, are not always able to  tion capacity
maintain and improve the innovation capacity of companies.
111 Digital innovation, in fact, is not only about technological innovation. It ~ Capability in knowledge innovation and  [142]
is more about innovation of knowledge and cultural attitude. cultural attitude
112  Improving and defining conditions, roadmaps and management models  Ability to manage digital knowledge [16]
for implementing digital innovation strategies in order to manage digital
knowledge and strengthen continuous innovation.
113 The Innovation Lab model has emerged as a specific solution that enables  Ability to achieve sustainable advantage  [51]
continuous innovation dynamism and digital exploitation for private and and increase performance and services
public organizations interested in achieving sustainable advantage and
increasing performance and services.
114  There is a lack of management models to implement digital innova-  Ability to manage digital knowledge, ad-  [108]
tion strategies to manage digital knowledge, foster continuous innovation  dress current competitive challenges
based on innovative approaches and methods, as well as the ability to
address current competitive challenges.
115  Innovation labs may act as an innovation broker to provide opportunities  Ability to mediate innovation [95]
for building communities and partnerships with different stakeholders.
116  Innovation labs should provide services such as mentoring, coaching or  Ability to provide services such as men-  [136]
facilitating meetings with end users to obtain feedback and control the toring, coaching or facilitating meetings
risk of failure. with end users
117 Coding of learned knowledge; or improving routines. In addition, the Coding of learned knowledge [51]
innovation lab may play a strategic role in building bridges between com-
panies and markets.
118  Evaluation for strategic learning requires a process of action, evaluation  Capability in strategic learning includ-  [148]
and re-action. It is a continuous cycle of reflection and action. ing the process of action, evaluation and
re-action
119  Evaluation of joint creation processes and interdisciplinary knowledge pro-  The ability to evaluate joint creation  [112]
duction which is the basis of laboratory strategy. processes and interdisciplinary knowl-
edge production
120  There is a reciprocal relationship between strategy and evaluation. When  Ability to evaluate innovation strategy [114]
both elements are understood and implemented in this way, the organi-
zation is better prepared to learn, grow, adapt, and continuously change
in meaningful and effective ways.
121  Systemic learning must assess whether the current and relatively stable  System learning capability [50]
set of social structures is being challenged, and what new knowledge and
practices are emerging.
122 Although for a long-time instrumental evaluation and learning were con-  Competence in instrumental evaluation  [9]

sidered as opposite approaches, recently diverse approaches have been
considered.

and learning
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123 Assessment of learning in complex systems includes reflection and measure- ~ Ability to assess learning in com-  [I5]
ment of non-linear processes of change with feedback loops and intertwined  plex systems
influence factors.
124  Dynamic capabilities (i.e., ”organizational and strategic routines by which  Dynamic capabilities |148]
firms achieve new resource configurations as markets emerge, encounter,
segment, evolve”) are largely defined by how managers make judgments
about the organization and its future.
125 A key advantage of the lab is its contribution to double loop learning. Double loop learning ability 35]
126  Physical environments can facilitate organizational and marketing goals. Capability in facilitating organiza- 153]
tional goals and marketing
127 Policy labs are dedicated teams, structures, or institutions that focus on de-  Ability to involve all stakeholders  [93]
signing public policy through unconventional methods, involving all stake-  in the design process
holders in the design process.
128  Specifically, co-design is linked to policy and public service development as  Capability in joint design 1152]
a joint explanation of options between actors.
129  What unites and distinguishes policy laboratories ”is that they all adopt Benefiting from  experimental  [13]
empirical methods to deal with social and public problems.” methods to deal with social and
public issues
130 This process includes discovering user needs, defining the challenge, devel-  Ability to discover user needs, de-  [149]
oping and testing prototypes, and providing a solution approved by users, fine challenges, develop and test
and is an approach that includes elements of top-down and bottom-up pub-  prototypes, and provide solutions
lic governance. approved by users
131  Policy knowledge transfer can be facilitated by involving governmental and ~ Networking ability between gov-  [83]
non-governmental actors, often using network and network theories and ernmental and non-governmental
intermediaries between researchers and policy actors. actors
132 Testing activities are embedded in the main policy cycle because they often = Capability in design testing |107]
originate in the smaller loop of design testing compliance.
133 Laboratories can provide evidence to policy makers that a particular issue ~ Capability in providing informa-  [3]
is ready to be placed on the policy agenda. tion to policy makers
134  Because labs promote open government and evidence-based criteria, they =~ The ability to cooperate in formu-  [17]
can encourage governments to become more transparent and participatory  lating policies
during policymaking.
135  Design culture is essential for transforming an organization through human  Ability to create culture 180]
design, co-creation, and, in general, increasing the value of the public sector.
136 Policy labs should be understood within a broader policy work ecosystem.  Ability to create a broader policy  [48]
work ecosystem
137  on the contribution of policy impact labs to local government innovation  The ability to increase the innova-  [13§]
capacity, showing that they improve innovation capacity by contributing to  tion capacity of the local govern-
aspects such as idea generation and knowledge management. ment
138  Policy labs act as ”technology” or ”"tools” to improve policy-making pro- The ability to improve policy pro-  [140]
cesses. One of the promising methods of research is to imagine the policy  cesses as a source of innovation dif-
laboratory as a source of diffusion of innovation. fusion
139  Process improvement is central to the nature of business and is consistently — Capability in process improvement  [149]
focused on hard facts and business value, embodied in total quality man- in the nature of business
agement (TQM).
140  Integrated AIS is a generalized class of information technology systems that  Benefiting from integrated infor-  [96]
emerged from a new generation of ERP-based systems. mation technology systems
141 Innovation Mediation is an exploratory approach to study integrated busi-  Ability to integrate business pro-  [97]
ness process modeling in a controlled environment, embodied in the Process  cess modeling in a controlled envi-
Innovation Lab. ronment
142  The basic idea is the system view in the business process, that is, the Having a systemic perspective in  [7]
business process should be seen as a work system and the business process the business process
modeling should be seen as a system development process.
143 Living labs are considered as innovation tools and innovation mediators  Ability to fill the gap between  [44]
capable of bridging the gap between research and market introduction. research and introduction to the
market
144 Living labs are considered as complex phenomena in which three levels of  The ability to be analyzed at three  [144]
analysis can be distinguished: the organizational level, the project level, organizational levels, the project
and the level of individual interactions with the user. level, and the level of individual in-
teractions with the user
145  Management of value capture and value creation processes in living labo-  Ability to manage value absorption  [11]
ratory organizations is very important for their sustainability. and value creation processes
146  Living labs are defined as organizing open innovation processes with a fo- The ability to organize open inno-  [14]
cus on co-creating innovations in real-world contexts by involving multiple  vation processes with a focus on co-
stakeholders with the goal of production. creating innovations
147 Most living laboratories do not yet have standardized instruments, but use = Using custom-made tools 184

custom-made instruments, which indicates the immaturity of these living
laboratories in terms of performance.




10 Bagheri, Radar, Ghazinoory

148  consider living labs to be an excellent tool to explore and define the value  Ability to review and define the [I5]]
proposition of innovations in a lab. value proposition of innovations

149  Living labs, focusing on providing specific services to foreign customers, The ability to mediate innovation  [133]
play the role of innovation intermediary between entrepreneurs and end between entrepreneurs and end
users. users

150  Artificial intelligence refers to human-like intelligent activities that are pro-  Having intelligent processes (based  [57]
grammed to perform specific tasks. on artificial intelligence)

151  Artificial intelligence has the ability to think like humans and can be used  The ability to analyze the system  [3§]
to perform certain roles and tasks that were originally performed by people  and solve problems and make deci-
in public places and social life. sions in an intelligent way

152 Artificial intelligence refers to systems with human characteristics, such as ~ Having intelligent systems with hu-  [119]
learning, speaking, and other cognitive functions. man characteristics, such as learn-

ing, speaking and other cognitive
functions

153 Artificial intelligence includes a series of technologies including machine  Benefiting from a series of tech-  [4]
learning, deep learning, natural language processing, robots, etc., which  nologies including machine learn-
can be defined as advanced technologies. ing, deep learning, natural lan-

guage processing, robots etc.

154 Artificial intelligence is a cognitive science that integrates image processing,  Capability of image processing, [56]
natural language processing, robotics, machine learning and other technolo-  natural  language processing,
gies. Combining artificial intelligence with emerging technologies such as  robotics, machine learning and
the Industrial Internet of Things, big data analytics, and cloud computing industrial internet of things, big
applied to industrial manufacturing can help produce flexible, efficient, and  data analysis and cloud computing
green operating methods while providing solutions for industrial applica-
tions.

155  Artificial intelligence is technology that can perform complex tasks that The ability to decrease the need for [
originally required human involvement. human participation

156  Artificial intelligence has the ability to achieve specific tasks by flexible  Ability to achieve flexible learning  [34]
learning of output data. output data

157  Artificial intelligence mainly includes two aspects, computational intelli-  Benefiting from computational in-  [60]
gence and perceptual intelligence. telligence and perceptual intelli-

gence.

158  that artificial intelligence is the use of machine learning, deep learning, Benefiting from machine learning,  [33]
computer vision and other technologies to achieve imitation of human ca-  deep learning, computer vision and
pabilities through algorithmic programming and processing. Artificial in-  other technologies to achieve imita-
telligence has the ability to learn, reason, perceive and make independent  tion of human capabilities through
decisions. It can replace part of human and mental work and provide users  algorithmic programming and pro-
with efficient auxiliary functions such as data processing and technical anal-  cessing and the ability to learn,
ysis, which can greatly improve work efficiency and production. reason, perceive and make inde-

pendent decisions

159 Innovation is a process that involves generating, developing and implement-  Ability to produce, develop and  [90]
ing new ideas or behaviors. implement new ideas or behaviors

160  Innovation is a change in a product, service, process or, more broadly, an  Innovation capability is a changein  [117]
organization. a product, service, process or more

broadly, an organization

161  Innovation is something new (new, original, or improved) that creates value,  Ability to create value in the orga-  [109]
where ”something” can be a process, product, or service that starts as an  nization
idea.

162 Gaining a competitive advantage in the market is the main goal of promot-  The ability to gain a competitive  [39]
ing innovation. advantage in the

163  Technological innovation is an essential factor for manufacturing companies  The ability to maintain stability in  [34]
to maintain stability. border organizations,

164  Innovation in products or services, management operations or production The ability to innovate about prod-  [117]
processes underlies any competitive advantage as a fundamental guiding ucts or services, management oper-
principle. ations or production processes

165  Similar to the formation of food webs in ecosystems by different species, The ability to create complex inter-  [58]
complex and dependent networks are formed between technological inno-  dependent networks between tech-
vations. nological innovations

166  Each technological innovation is not independent, each innovation is based  Ability to interact with other inno-  [39]
on the behavior of other technological innovations, and each innovation vations
depends on other innovations to achieve joint evolution through interaction.

167  Technological innovation is not independent and depends on other innova-  Ability to interact with other inno-  [39]
tions and evolves through interaction with other innovative activities. vative activities

168  Artificial intelligence is a universal technology that can support other in-  Ability to support other innova-  [33]
novations. tions

169  Knowledge is the core of technological innovation. To effectively create new  Ability to effectively create new  [58]

knowledge, it is the basis for technological innovation.

knowledge
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170  Intelligent machines or algorithms, such as machine learning, deep learn- The ability to retrieve knowledge  [33]
ing, etc., perform tasks, but new forms of human-machine interaction can  and process data efficiently with
produce more efficient knowledge retrieval and data processing. machines or intelligent algorithms,

such as machine learning, deep
learning, etc.

171  Learning by artificial intelligence is a process from collecting and structur- It is the ability to collect and struc-  [106]
ing huge data into information to creating knowledge. ture huge data into information to

create knowledge.

172 The development of artificial intelligence promotes the generality and use of =~ The ability to exchange and inte-  [67]
the Internet and communication methods of platform economies, removes grate knowledge
the boundaries of knowledge within and between companies, and accelerates
the dissemination of knowledge and the process of creating new knowledge
through the exchange and integration of knowledge. This goal, in turn,
strongly influences the development of artificial intelligence.

173 When the distance between the source of knowledge (a research institute) The ability to reduce the distance  [82]
and the users increases, the effect of knowledge and technology transfer = between the source of knowledge
decreases. and the users

174 Absorptive capacity is widely recognized as an effective tool for gaining and  The ability to increase the organi-  [66]
maintaining competitive advantage. zation’s absorptive capacity

175 The development of artificial intelligence has actually improved the learning ~ Ability to develop learning and ab-  [47]
and recruiting capabilities of companies. For example, technologies such as  sorption
deep learning, intelligent image recognition, etc., can help industrial robots
make independent judgments and take appropriate actions.

176  The purpose of having internal research and development (R&D), if possi- The ability to transform knowl-  [79)
ble, is to help the company to achieve production, exploitation and trans- edge, which is newly created either
formation of knowledge, which has been recently created either inside or internally or externally, into new
outside the country, into new products or processes. products or processes.

177 The purpose of having internal research and development (R&D), if pos-  Ability to acquire, integrate, trans-  [117]
sible, is to help the company to acquire, integrate, transform and exploit form and exploit new technologies
new technologies.

178  The purpose of having internal research and development (R&D), if possi-  Ability to attract partners 1611
ble, is to attract cooperative partners.

179  The purpose of having in-house research and development (R&D) is, if  Ability to create new technology  [134]
possible, to create new technological configurations that are very costly  settings
and particularly difficult or even impossible to obtain from competitors.

180  When a firm grows to a certain scale of power, it will naturally have R&D  Possessing research and develop-  [62]
capabilities as described above. ment capabilities

181 Internal R&D is widely accepted as an important determinant of innova-  Benefiting from internal research  [105]
tion. and development

182  Artificial intelligence uses various technologies such as machine learning, Benefiting from various technolo-  [90]
deep learning, computer vision, and algorithmic programming and process-  gies such as machine learning, deep
ing to mimic human abilities. It is difficult to measure artificial intelligence learning, computer vision and algo-
with a single variable. A number of industrial robots are being used as an  rithmic programming and process-
alternative to artificial intelligence based on training. ing to imitate human abilities

183  Research and development investment intensity is one of the main ways to  Ability to increase research and de-  [63]
improve technological innovation. velopment investment

184  The high dependence of domestic investment companies on foreign direct  Reducing the organization’s de-  [147]
investment is created and the enthusiasm for technological innovation de- pendence on foreign direct invest-
creases, which leads to the reduction of technological innovation capabili- ment
ties.

185  uses the total output value ratio of foreign-invested enterprises in different ~ The ability to increase the total  [85]
industries (Sino-foreign joint ventures, Sino-foreign cooperative ventures, output value ratio of companies
and wholly foreign enterprises).

186  Ownership structure is one of the known factors affecting technological — Benefiting from a suitable owner-  [128]
innovation. The proportional relationship between state-owned enterprises  ship structure
and the private sector has strongly influenced the allocation efficiency and
technology efficiency.

187  Technical imitation plays an important role in manufacturing sectors with  Ability in technical imitation 151
little or no technical innovation and is one of the important tools to achieve
rapid technological progress.

188  Treating projects as experiments, working dynamically, and systematically ~ Ability to experiment, work dy-  [I08]

documenting the learning process proves valuable because it challenges tra-
ditional forms of operation and sets the stage for other possibilities.

namically, and systematically doc-
ument the learning process

Then, to further increase the richness of the research, we collected these 42 key and performance indicators, which
were provided to 32 experts, professors and entrepreneurs according to the Delphi method and divided into two rounds,
in the form of a 5-point Likert scale questionnaire. (very high, high, average, low, very low) and were asked through
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Table 2: Indicators and Component after Expert Judgement

NO Indicators components
1 The ability to digitize physical products

2 Benefiting from digital manufacturing technologies

3 Benefiting from Internet of Things technology

4 Capability in joint design in the digital platform

5 Ability to solve problems and make decisions in an intelligent way

6 Benefiting from the abilities of intelligent cognitive sciences Technological
7 Benefiting from artificial intelligence technologies

8 Benefiting from computational intelligence and perceptual intelligence

9 Intelligent programming capabilities

10 Benefiting from robotic technologies

11 Benefit from digital standards

12 The ability to digitize physical products

13 Benefiting from digital organizational architecture

14 Benefiting from the digital business model

15 Benefiting from shared digital workspaces Structural

16 Ability to support other innovations

17 Ability to maintain and improve innovation capacity

18 Ability to share tacit knowledge

19 Ability to learn and evaluate it in the digital platform

20 Smart learning capabilities (using smart algorithms)

21 Ability to create, exchange and integrate new knowledge Learnin

22 Ability to increase the absorption capacity of digital technologies g

23 Capabilities in research and development of digital technologies

24 Networking capabilities in the digital platform

25 Ability to digitize data

26 Ability to generate ideas in the digital platform . .
27 Abiliti to generate ideas in the digital glatform Data and information
28 The ability to collect information on a digital platform

29 Networking capabilities with digital markets

30 The ability to carry out popular and citizenship-based innovations Networking
31 Ability to discover and develop the needs of users in the digital platform

32 Benefit from automation production Manufacturing
33 Ability to produce and test prototypes

34 Benefiting from digital processes Processes

35 Benefiting from intelligent processes (based on artificial intelligence)

36 Ability to develop the innovation process in the digital platform of development Development
37 The ability to develop and spread technology in the digital platform

38 Financial digital investment capabilities Financial

39 Ability to increase investment in research and development of digital technologies

40 Development capabilities of digital culture Cultural

41 Benefit from digital services Services

42 Alignment of the digital strategy with the organization’s Strategy

an electronic questionnaire, and 18 of them responded and responded. After reviewing the experts’ opinions, it was
found that they reached consensus on all indicators with an average score above 4. The lowest average answer was
related to the impact of self-regulation. automation to the innovation process with an average score of 4 and the
highest score related to the profit index of smart business models with an average score of 4.9.

The validity of the questionnaire was confirmed in terms of content validity based on expert opinion, and the
dynamic of the questionnaire was calculated using the Cronbach’s alpha method in Excel and SPSS software, which
is 0, 98 and in very good condition. Therefore, the validity and dynamics of the questionnaire in this study were in
excellent condition. 5 new components, i.e. digital technology, digital structure and architecture, capability in digital
networking, digital learning and benefiting from digital processes, the second-round questionnaire was prepared and
provided to 18 previous experts, and in parallel, the link to the previous answers It was made available to everyone
(on the Press Line website). For the second round, everyone’s score for these 5 components was set to the highest
number, 5, and they reached a consensus with the highest percentage. The validity of the second questionnaire was
also confirmed by the content validity method and its dynamics was also confirmed through Cronbach’s alpha with a
value of 0.99, which is excellent and acceptable.

As a result, the output of the questionnaire including 5 components (main variable) to enter the adaptive neural
inference fuzzy system model is as follows:

1. The innovation laboratory benefit from digital technologies (based on artificial intelligence) (IN1)
2. The benefit of innovation laboratory from digital structure and architecture (IN2)
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3. Capability of innovation laboratory in smart networking in digital platform (IN3)

4. The innovation laboratory’s ability to create and maintain knowledge and smart learning in the digital platform
(IN4)

5. Benefiting the innovation laboratory from digital processes (based on artificial intelligence) (IN5)

The output in this model is the digital level of the innovation process centered on artificial intelligence in an
innovation laboratory. (OT)

Now, these 5 components in the form of a 5-point Likert questionnaire with a range of very high, high, medium,
low and very low, were provided to the statistical sample of the research, including 250 knowledge-based companies
in the campus technology park and its branches, and 198 questionnaires were answered and has been sent.

The content validity of this questionnaire was confirmed by relying on the opinion of professors and expert experts
in this field, and the dynamics of the questionnaire was obtained in SPSS software by calculating Cronbach’s alpha of
0.73, which was acceptable and the questionnaire can be considered as having good reliability.

At first, the data were trained and a multivariate regression function was drawn between the data and the output.
This function helps to better understand the relationship between the 5 inputs and the output and the degree of
deviation from the predicted model.

In the fourth phase, i.e. modeling, the adaptive fuzzy-neural inference method was used for the model. In adaptive
neural fuzzy inference, network separation method or lookup table (PG) was used in MATLAB 2023 software. In this
method, the number of membership functions is 5, representing very low, low, medium, high and very high. The type
of input membership function can be selected, and in this research, a bell was chosen (it gave less error than other
types of function) and considering that we had 5 inputs and 1 output, this method is suitable for determining the

model [72] [73].

The conceptual model of research will be shown in Figure

Figure 1: Research conceptual model for fuzzy-neural adaptive inference calculation

Firstly, 150 data were randomly selected as training data and 48 data were selected as test data. Using MATLAB
software, 150 data were first trained to be prepared for entering the designed fuzzy inference system (to design the
best fuzzy inference system, 13 systems were designed and implemented with the data, and the last model with the
least error was selected). The fuzzy inference system (FIS) designed in MATLAB has the following characteristics:

e FEach entry has 5 membership functions as follows:
(mfl=very low) (mf2=low) (mf3=moderate) (mf4=high) (mfs5=very high)
e The output has 3125 membership functions (because 3125 of our rules were selected). The membership functions

for all 5 inputs were selected in the form of a bell (with the lowest error compared to the rest of the functions
that were tested)

e The number of rules of 3125 numbers were selected by default by the software, which have "and” relations and
have the most exploitation meaning. Then they got the approval of two of the professors of this field.

e The weight of each function was set to 1, which means that the impact of each function in the model is equal.

¢ In this model, the Takagi-Sugeno-Kang (TSK) fuzzification method was used for the inputs. Before the selection,
it was tested with the Mamdani model, and the Sugeno method had less error and more overlap of the membership
functions, and it was approved by two professors.
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e In this model, the dephasing method of the average maximum output values (wtaver) was used, first tested and
then confirmed due to less error.

e The range of functions between 0 and 1 were selected, which were normalized and had the most accuracy.
e The number of nodes in the model was calculated to be 6308.
e The number of linear parameters was 3125 and the number of nonlinear parameters was 75 in the model.

e The number of repetitions of the test was chosen 40 times, which was also tested with the number of 100 times,
and no noticeable change in the model error was observed.

To evaluate the performance of the model, the parameters of the root mean square error (RMSE), the value of
which is 0.1 and less is excellent, the percentage of relative error (E), the lower the better, has been used [78] [TT5].

3 Results

The output results obtained in MATLAB software for modeling are presented in order according to the shape of
each section.

At first, the data were trained and a multivariate regression function was drawn between the data and the output.
This function helps to better understand the relationship between the 5 inputs and the output and the degree of
deviation from the predicted model. The next two figures, figure [2] and figure [3] show this topic. According to these
two figures, an acceptable amount of overlap between the inputs and outputs between the prediction model and the
actual model obtained is observed, and the findings will be discussed in the fifth chapter.

Plot

e True ]
Predicted ]
]

Errors
Style

] ® (®) Markers

. . . . X-axis

X | Record number v |

Response (OT)

How to use the response plot

35

0 20 40 60 80 100 120 140 160 180 200
Record number

Figure 2: The degree of matching of the outputs between the two predicted and realized states

In the following, an output of the general structure of the model is shown according to Figure As shown in
the figure, the model has 5 inputs, 5 membership functions for each input, 3125 inference rules, 3125 membership
functions for the output, and one output. The rules of blue color mean to use the conjunction ”and” between the
clauses.

In this section, Figure |5| shows the fuzzy inference system (FIS) designed for this model. This inference system
was chosen among 13 other designed systems because it had the lowest output error. Among the other specific cases
in the figure, we can mention the method of dephasing the output, which used the average of the highest output value
for this model and gave a better response. For the "and” method in conditional statements, the method (prod) or
the array result of each member is used. This inference system uses Sugeno fuzzing method and has 5 inputs and one
output.

In the following, 150 randomly selected data were trained and the result is displayed as shown in Figure [f] The
output for 150 data varies between 3.5 and 5, and the amount of dispersion of each can be recognized.
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Figure 5: Fuzzy research inference system based on Sugeno method

Figure [7| shows the training error of 150 data, which is equal to 0.010097 for 40 repetitions (due to the absence of
system error, it was done 20 times separately) and is very acceptable. A hybrid method was used to train the fuzzy
inference system, which performed better than other methods.

In Figure [§] a comparison was made between the trained data and the output of the fuzzy inference system, the
data is shown in the form of blue circles and the target output of the fuzzy inference system is shown in the form of a

star and in red. As it is clear, the results overlapped in a very acceptable way and it was confirmed with the average
test error of 0.100585, which is very acceptable.

In this step, the designed fuzzy inference system is evaluated by the test data and entered into the model in the
form of a neural network as the training data. As shown in Figure [9] the number of 48 data randomly selected from
the total data, as input, measures the performance of the model. The test data output shows a numerical output
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Figure 6: Model output based on training data

Figure 8: Overlapping training data with the output of the fuzzy inference system

between 4 and 5.

In Figure a comparison is made between the test data and the target output of the fuzzy inference system.
The test data are shown as blue dots and the target output of the fuzzy inference system is shown as red stars. As
shown in the figure, excellent overlap with less error than the overlap of the training data and the target output of the
fuzzy inference system was obtained. The value of this error was less and equal to 0.0079291. This problem indicates
the correct performance of the model in the design of the fuzzy system, which is well trained and can be used as an
approved model.

Figure [T1] shows the fuzzy inference system for each of the inputs including their membership functions. By using
this section and by changing each of the inputs, it is possible to include how the result changes. This section helped to
add more richness to this research and access to the analysis of the results from more angles, which will be mentioned
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Figure 10: Overlay test data with fuzzy inference output

in the fifth chapter.
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Figure 11: Membership functions of inputs and outputs based on the bell model

In the following figures, the surface diagrams between both inputs and their relationship with the output are shown
separately. These figures have provided the basis for further analysis on the level of sensitivity of inputs in a pairwise
comparison with each other.

4 Conclusion

According to what was stated in the literature, the innovation process, in its common form, was defined as steps
including finding new ideas, selecting and sifting ideas, implementing and acquiring values. This definition is taken
from the point of view of Joe Tidd [I37]. The opinions of other researchers and experts in the field of innovation,
although they may differ in the use of words, but in the general sense, it is not outside of these steps. Even the concept
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Figure 15: Relationship between entry level 2 and entry level 5

of open innovation is proposed by Bogers et al., in the same stages but in a different paradigm [20]. Another thing is
that different industries have been tied to a concept called research and development as the heart of their organization’s
innovation over the years after the industrial revolution and with the increasing progress of new technologies and the
emergence of new indicators for production. In fact, it is the control room of innovations and relevant processes in

this sector. Now, it has been looked at either structurally in the organization or conceptually in the framework of
organizational strategy.

Considering these general questions and following them more questions that deal with details in this field, the
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researchers of this research started to review the existing literature to find answers to these questions. Among various
library and sometimes field searches abroad, they came across the concept of innovation laboratory. By further
examining the related literature and field research of several case studies, the researchers found that this concept
has more potential. By referring to the website of some world-renowned organizations and visiting some of them in
person, the researchers realized that even in terms of naming, the tendency of organizations to use the word innovation
laboratory is more than that of research and development center, and also the historical course of the literature shows
that day by day, innovation laboratory has found a more prominent place in the structure of organizations. With
more accuracy in the literature and case studies, it seemed that this concept can answer the questions of this research.
Therefore, literature, theoretical foundations and innovation labs in different organizations were reviewed in a very
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extensive way and over a period of about two years.

Therefore, it can be said that the major part of the literature review examined the innovation process in the
digital platform and the digital innovation laboratory centered on artificial intelligence. This study went so far that
as an output, a model was designed for a smart innovation laboratory, a model that, in the theoretical dimension,
expresses the characteristics of an innovation laboratory suitable for the digital age, and in the practical dimension,
as a reference for industries and organizations, in Using these laboratories as much as possible and culturizing the
innovation process is compatible with the digital age. In fact, researchers have given importance to the theoretical
and practical implications of this research.

To measure the degree of digitalization of the innovation process in laboratories, a method was needed to predict
the level of digitalization, so that by having inputs in the model, the degree of digitalization of the innovation process
can be predicted. In the practical dimension, in the sense that, in order to implement and implement their innovation
processes through innovation laboratories, industries need to check the measure of how much they have been able to
digitize the innovation process in their organization. This model is an answer to the question that if there are input
indicators of this model, it can be predicted to what extent they have succeeded in digitizing the innovation process.
Then by changing the inputs, whether in terms of financial and time investment on input indicators or in terms of
process design and other indicators, they can increase the level of their organization’s achievement of digitizing their
innovation process. As it was said, the centrality of being digital in this research is with artificial intelligence. So
that in addition to digitizing the innovation process in general, the advantages of artificial intelligence technology
can also be used in innovation processes. In order to find answers to the mentioned research questions, a research
methodology was designed. At first, the objectives of the research were determined separately, then the optimal
method was designed for each of them separately.

In fact, the general goal and main question of this research, which was the modeling of a digital innovation
laboratory centered on artificial intelligence, was successfully carried out with a very low model error during testing.
In fact, by determining the effective indicators and components for the design of a digital innovation laboratory centered
on artificial intelligence, a model with this theme was obtained to be able to predict the digital level of the innovation
process. The more an organization has been able to digitize the innovation process according to the inputs given to
the model, the more successful it has been in doing this important thing, i.e. designing a digital innovation laboratory.
The indicators (inputs) of this model are determined in such a way that they implicitly form the components of an
innovation laboratory, so the output of the model is the degree of digitalization of the innovation process, in fact,
the degree of digitalization (based on artificial intelligence) of a laboratory It shows innovation. For modeling in this
research, the adaptive neural fuzzy inference system method was used, which is based on deep learning and neural
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networks and the clustering performed by it as one of the subsets of unsupervised artificial intelligence. It can be
acknowledged that in this research, an intelligent model for the design of a digital innovation laboratory (centered on
artificial intelligence) has been presented.

In addition to the main goal and the special goals of the research, which was realized through the presentation
of the model, by examining the relationships obtained as shown in the surface diagrams, it is possible to determine
the sensitivity and impact of each of the components (variables) in the output, i.e. the amount the digitality of the
innovation process was analyzed in innovation laboratories. According to the findings, it can be stated:

e The level of sensitivity and impact of input 1, i.e. the benefit of digital technologies based on artificial intelligence,
has more than the other 4 inputs on the degree of digitalization of the innovation process, in the sense that having
these technologies is the main focus of the output, and if there is no in a laboratory, they practically benefit
from other components, it is less effective.

e The lowest sensitivities and impact on the output in the model belonging to the 3rd and 4th components, i.e.
networking and smart learning, were identified next to the component of benefiting from technologies, and this
could mean that in the conditions of benefiting from digital technologies in an implicit way, networking and
learning and preserving knowledge also happen in the digital platform.

e Another thing that was observed, even in the case of having a less digital organizational structure, i.e. component
number 2, we will still see a high level of digital innovation in the output (in the case of having 4 other inputs),
so the impact of this second input is also in the digital level of innovation laboratory was observed to be low.

Innovation labs are models of innovation management that aim to foster creative and critical thinking, guide
the organization in finding the best ways to produce knowledge and digital culture, introduce technology, digitize
operations and implement digital strategies for continuous and digital innovation.

5 Discussion

As discussed, the ideal form for an innovation process, whether in its general form from the stage of idea formation
to entering the market and commercialization, or in each of the parts separately, should be in such a way that the
highest Gain productivity (efficiency and effectiveness) during the process. One of the latest concepts that covers the
innovation process from the beginning to the end is the innovation laboratory concept. In addition, customers are
evolving with the goal of participating in co-creation processes of products, services and experiences. Their needs and
habits, as well as the ways and speed of using goods, are changing. Therefore, the dynamics of innovation is more
and more repeated, cyclical and characterized by a high rate of substitution of new and newer products, services and
solutions.

The applications of artificial intelligence in the innovation laboratory can affect the process of creating knowledge
and the ability to learn and absorb it. The subsequent impact on technological innovation is mainly created in the
following ways. This means that artificial intelligence promotes technological innovation by:

e Accelerating the creation of knowledge.
e Acceleration of knowledge and technology.
e Improving the ability to learn and absorb

e Increasing investment in research and development and talents.

In line with knowledge creation, as described above, the development of artificial intelligence supports the collection
of data to reveal entirely new ways of looking at existing knowledge, supports the rapid pace of testing different ways
of integrating knowledge, and provides discovery for It provides new knowledge. That is: the development of artificial
intelligence creates new knowledge.

In particular, AI technology has clearly helped business enterprises to increase their data collection capabilities,
which has led to the rapid development of various tools to deal with big data. Not only do intelligent machines or
algorithms, such as machine learning, deep learning, etc., perform tasks, but new forms of human-machine interaction
can produce more efficient knowledge retrieval and data processing. This in turn speeds up data collection and
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improves the accuracy and reliability of the resulting understanding and knowledge. Due to the development of
artificial intelligence, such advanced methods of analysis have been introduced. For example, deep learning and
computer vision technologies can process large amounts of information faster than ever before. This helps to create
new knowledge and new computational schemes faster than before to accelerate the process of regrouping knowledge.
In other words, what accelerates this concept is the process of collecting and structuring huge data into information
to create knowledge.

Research limitation

One of the limitations of the research that was out of the hands of the researchers was the fact that many
knowledge-based companies were unfamiliar with the concept of the innovation laboratory, and because of the name
of the laboratory, many made mistakes in completing the questionnaire in the first place. The researchers spent a lot
of time to justify the respondents and introduce them to the concept of innovation laboratory in written form at the
beginning of the questionnaire and even in person.

Another thing is that the digital innovation laboratory was not observed in the country, so the researchers needed
to spend more time to refer to samples from abroad to examine case studies in this field.

Future studies

According to the findings of the research, it is suggested to design the innovation laboratory model in different
industries and for each industry separately for future researches. In the literature, researchers encountered a wide
range of innovation laboratories, such as banking, schools and higher education institutions, health, etc.

The second suggestion is that future researches can design a separate model for each of the input components in
such a way that the input component of this research is placed in the output position and the indicators determined
in this research are used as their inputs. It is possible to design 5 other models according to the five components of
this research, and connecting these models to develop a final and macro model can bring new achievements.
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