
electronics

Article

Platform-Based Business Models: Insights from an
Emerging AI-Enabled Smart Building Ecosystem

Yueqiang Xu 1,* , Petri Ahokangas 1, Marja Turunen 2, Matti Mäntymäki 2 and Jukka Heikkilä 2

1 Martti Ahtisaari Institute, University of Oulu, 90014 Oulu, Finland; petri.ahokangas@oulu.fi
2 Turku School of Economics, Information Systems Science, University of Turku, 20500 Turku, Finland;

marja.turunen@utu.fi (M.T.); matti.mantymaki@utu.fi (M.M.); jups@utu.fi (J.H.)
* Correspondence: yueqiang.xu@oulu.fi; Tel.: +358-503-411-827

Received: 31 May 2019; Accepted: 4 October 2019; Published: 11 October 2019
����������
�������

Abstract: Artificial intelligence (AI) is emerging to become a highly potential enabling technology for
smart buildings. However, the development of AI applications quite often follows a traditional, closed,
and product-oriented approach. This study aims to introduce the platform model and ecosystem
thinking to the development of AI-enabled smart buildings. The study identifies the needs for a
user-oriented digital service ecosystem and business model in the smart building sector in Finland,
which aimed to facilitate the launch of scalable businesses and an experiential and dynamic business
ecosystem. A multi-method, interpretive case study was applied in the focal ecosystem, with the
leading real estate and facility management operators in Northern Europe as part of a Finnish national
innovation project. Our results propose an extended comprehensive framework of the 5C ecosystemic
model (Connection, Content, Computation, Context, and Commerce) and the possible paths of
ecosystem players in the domain of smart building and smart built environment, both theoretically
and empirically. The platform-oriented business models are missing, yet desired, by the ecosystem
actors. The value chain and ecosystem platforms imply the quest for new (platform) models. Finally,
our research discusses the need for new value-chain- and ecosystem-oriented AI development and
big data platforms in the future.
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1. Introduction

“AI is likely to be either the best or the worst thing to happen to humanity”.

—Stephen Hawking

Designing and developing a built environment is crucial in providing meaningful engagement and
experience for society and all people, regardless of their professions and abilities, to participate in their
communities [1]. The use of Artificial Intelligence (AI) technology in the built environment has been
extensively researched in recent years in the civil engineering field [2] and the smart building sector [3].
For instance, in smart buildings, the use of expert systems, rule-based systems, knowledge-based
engineering, case-based reasoning, neural networks, and machine learning are all investigated to
enhance engineering tasks [4].

The rise of AI technology is related to progressive development in the ICT (Information and
Communication Technology) industry. Over the past few decades, the world has experienced a sharp
increase in computing and information processing power, as [5] estimated. Moreover, the size of
computer devices and equipment has decreased and they have become more multifunctional [6].

Today, data collection takes place automatically on the internet via embedded and integrated
sensors, e.g., smart mobile devices. "Big data" is distributedly stored in cloud servers over virtual data

Electronics 2019, 8, 1150; doi:10.3390/electronics8101150 www.mdpi.com/journal/electronics

http://www.mdpi.com/journal/electronics
http://www.mdpi.com
https://orcid.org/0000-0002-3528-423X
http://dx.doi.org/10.3390/electronics8101150
http://www.mdpi.com/journal/electronics
https://www.mdpi.com/2079-9292/8/10/1150?type=check_update&version=2


Electronics 2019, 8, 1150 2 of 19

storage, such as those of Google and Amazon. Analytical algorithms can run and scale on a huge
number of central processing units on a 24/7 basis. However, there are new challenges as the digital
data volume increases at an exponential speed. In building and real estate industries, construction
projects, which were previously carried out only in drawings, are now being digitally modeled and
monitored in a continuous manner throughout the projects [7]. According to [3], AI-based techniques
have gained popularity due to the ease of use and high degree of accuracy.

Referring to [8,9], the advent of ICT has fostered theoretical and empirical interest in the smart built
environments, which refers to “a built environment that has been embedded with smart objects, such
as sensors and actuators, with computing and communication capabilities, making the environment
sufficiently ‘smart’ to interact intelligently with and support their human users in their day-to-day
activities” (p. 101) [8]. Within smart built environments, the smart building is defined as “buildings
(that are) equipped with networked devices providing a safe, productive, and comfortable environment
to its occupants while optimizing operational and energy performance” [10]. Smart buildings provide
a well-connected environment for the users while making it easy for the sensors and automation
solutions to interact with each other [10]. Noticeably, the existing definition of smart building is focused
on the use of technology, while the user-centric perspective is missing.

In smart and intelligent building research, intelligent technology has been mainly focused on
building energy management and automation. This is not a surprise. The buildings account for almost
30 percent of global energy consumption worldwide [11]. Any effort to reduce the use of building
energy can tremendously reduce the planet’s reliance on energy globally. As a result, numerous smart
building and AI studies have focused on energy use as a part of the intelligent building [11]. The study
of [11] suggests, in particular, an in-depth analysis of methods of AI-based building energy prediction,
for instance, the Artificial Neural Networks (ANN) and Vector Regressions. Complex models improve
the predictive accuracy by integrating different predictive models. However, it is argued by this study
that AI’s application is beyond just energy management or building automation. The value of the
smart building is multi-dimensional and it should not promote a restricted view that only emphasizes
the technology advancement in building energy efficiency and comfort creation.

Furthermore, data is another key issue in smart buildings. The digital information flow, digital
technologies, such as building information modeling (BIM) and machine learning, lead to enhanced
integration between the practices and scales, which are normally considered to be separate. However,
the delivery of digital information is currently experiencing limited improvement in time, expenditure,
or performance [12]. Thus, new questions emerge regarding the potential for improvement in
information utilization in smart buildings and assets. For instance, there are queries regarding the
collation of digital information to make portfolios, policies, and operational decisions in smart buildings,
as well as the potential for the real estate companies and building operators to use data analysis in new
ways to improve the current operation; these questions cannot be answered by pure technical research;
they require a multidisciplinary approach. This study addresses this issue of multidisciplinary and
focuses on the use of AI in the smart building domain as part of the built environment studies [13]. We
apply the ecosystemic business model lens to provide structure for the investigation.

1.1. What is AI?

According to [14], AI can be considered as a general purpose technology (GPT), as it is enabling and
empowering numerous other industries, similar to the other GPTs stated by the European Commission
(EC) (such as micro- and nano-electronics, advanced manufacturing, advanced materials, photonics,
nanotechnology, and biotechnology). The common characteristics of these GPTs are to support product
innovation in many industries and they are important for meeting the significant challenges of society.

In the theoretical research setting, [15] defines AI as the research of systems that operate in a
manner appearing to be smart and intelligent to an external observer. AI is about developing and
utilizing techniques that are based on the intelligent behavior of people and animals for complex
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problem-solving. This is a hard system perspective, which considers that the systems are the models of
the world and can be engineered [16].

According to [17], AI is related to intelligent behaviors in artifacts that comprise perception,
learning, reasoning, communicating, and acting in contexts that are complex. The fundamental goal of
AI is usually seen with regard to developing the machines that are capable of doing what people can
do and even beyond. This can be seen as a behavioral perspective.

It is suggested by [18] that AI technology can tackle diverse categories of problems, such as
subtracting, reasoning, problem-solving, knowing how to present, plan, learn, process natural language,
movement and manipulation, perception, social intelligence, creativity, and general intelligence. This
can be considered as a functional perspective.

An empirical case example is the Deep Blue computer from IBM that beat Garry Kasparov
in 1997 [19], which is a historical event and it can be considered as a major breakthrough in the
advancement of AI. The idea is that computers need to represent knowledge as symbols and utilize
different types of rules and reasoning to infer new knowledge [19].

Furthermore, AlexNet, as an extremely large neural network, demonstrated its capability to
recognize different images in 1000 different categories in 2012. This approach later became known
as deep learning [19,20]. Today, AI technologies (e.g., machine learning, deep learning) are utilized
and deployed on a very large scale by organizations, such as Google, Facebook, YouTube, as well as
Tesla [14,19].

Regarding the use of AI in smart buildings, academic scholars have investigated AI techniques to
predict energy usage. Numerous statistical and AI techniques for reverse modeling of heating and
cooling buildings have been developed [21–23]. Researchers combined ANN with a quasi-physical
description to forecast the annual space heating demand for numerous buildings [24]. Support
Vector Regression (SVR), which is a variation of Support Vector Machine (SVM), has been widely
utilized in prediction and regression [25]. Existing research evaluated the use of SVR to predict energy
consumption in tropical regions [21]. Generally, existing smart building literature demonstrates that
AI algorithms provide satisfactory results in predicting energy performance in the buildings [23].
However, a majority of the research work and effort has used narrowly focused algorithms and models.

1.2. Research on the Ecosystem Business Model and Platform

Business model is a multidisciplinary and boundary-spanning unit of analysis [26] that addresses
the theoretical discussion regarding opportunity exploration and exploitation [27,28], value perspective
(e.g., value proposition, value creation, and value capture) [29–32], and competitive advantage [33,34].
In the work of [27], they summarize the business model as “the content, structure, and governance
of transactions designed so as to create value through the exploitation of business opportunities”.
Furthermore, the business model conceptualization can be used to approach the duality of technology
and economics [35] in platforms in the aspects of architecture, governance, and environmental
dynamics [36]. From an architectural perspective, literature provides that business models can be
designed as a product-based model [37] as well as an ecosystem-based model [34,38].

Building on the ecosystem and business model theories, the study of [39] has proposed a conceptual
framework that connects the (digital) business model and ecosystem. There are five elements in the
framework: namely, the value proposition, the interface, the service platform, the organizing model, as
well as the revenue model. The purpose of the framework is to show how the business model can be
investigated in the context of the evolving and ever-changing digital business ecosystem. Notably,
the fundamental logic of [39]’s framework is in several folds: First, the underlying assumption in the
ecosystem view of a business model is that the value creation and capture in the (digital) ecosystem is
beyond the focal company, and are in concert with competitors, complementors, customers, as well as
the ecosystem’s community. Therefore, a closed, control-oriented mentality and approach does not fit
the development of an ecosystem [40].
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Second, business ecosystems are constantly evolving at a fast pace. It is particularly challenging
for companies in the digital ecosystem driven by rapid technological change as well as intensive
competition [41]. Therefore, numerous digital business ecosystems are created and organized in a
way that digital services are being created and delivered through digital platforms, like the empirical
examples of Amazon [42] and Google [43] demonstrate.

Third, digital business ecosystems also have the characteristics of turbulence, which can be
understood as the mixture of the environment as well as the complex interconnectedness among
ecosystem actors [44]. As the success and failure of the actors in the ecosystem are intertwined
and inter-connected in the digital ecosystem, different actors (even competitors) have to collaborate
together in "coopetition” (simultaneous existence of cooperation and competition) to establish common
technical standards and platforms. As such, continuous interaction leads to the co-development and
co-evolution of the business models and digital innovations [39].

Overall, from the value perspective, one of the key issues to address in a digital ecosystem is
the balance between value creation, value conversion, and value capture [39,45]. Additionally, issues
related to the ecosystem governance, orchestration, and architecture design (open versus closed)
are seen as important in various literature [46,47]. As addressed by [39] at the conceptual level, the
development of effective and viable digital business models for the different actors in an ecosystem
context is emerging to become a critical challenge for all actors in the ecosystem to tackle, which also
demands the paradigm shift from a focal company-focused logic to an ecosystem-focused logic [48].

In an empirical context, accompanied by the advent of digital technology, the building and real
estate sector is experiencing a paradigm change in business operations and business models. Referring
to [49], in traditional construction, the logic of business is simple and similar to the value-chain thinking
of a conventional product business. Business models and revenue models at different levels of the value
chain combine the output of previous stages of the value chain in an aggregated product or system,
and the added value is rarely achieved in the process. Thus, the building and real estate industry has a
very traditional cost-plus -price model. It is important to note that the price difference by performance
and the added value have not traditionally had much space in the value chain of buildings.

It is further argued by [49] that the most basic requirement for transforming the construction
industry into sustainable development is to change the prevailing business model from a
product-oriented business model to a service-oriented model, or a model in which the prices and
profits are truly diversified by the new value created, delivered, and realized by the customers and
society. Evidently, this paradigm shift from product logic to service logic requires both a change in the
building industry’s structure as well as a change in the way customers and stakeholders in the real
estate and smart building industry perceive and appreciate the new value generated in smart building.

1.3. Research Gaps Addressed in This Study

The first research gap tackled in this study revolves around the need for a more holistic framework
for the integration of AI in the smart building and real estate sector. From a system architecture
perspective, a majority of the existing studies has focused on the individual AI implementation in
specific techniques or applications, but it does not provide a system view of larger AI systems that are
often needed in practice. For instance, it is argued by [4] that the extant of smart building research
has often focused on narrow and specialized technical subtasks rather than on the larger and more
integrated systems. In addition, the “building as a product model” is mainly how smart building has
been developed. The above discussion shows that this is a gap in both technical and business model
aspects of the smart building studies.

The second research gap is concerned with the integration of the user perspective in smart building
research. The literature review shows that a user-centric view can help with the development of the
coherent framework for the built environment; in the context of this study, it is the framework for the
smart buildings that are empowered by AI.
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The theory of environmental determinism in the built environment indicates that the physical
environment affects human behavior [50]. This theory is built on a comprehensive study of
environmental psychology [51,52] and it provides tangible results in the context of physical
well-being [53,54], territory [55], and usability [56,57]. These can then be utilized to assess the
user’s satisfaction. However, as argued by [58], the theory of environmental determinism does not
recognize social aspects as an explanatory factor for user satisfaction [50]. Another stream of research
uses the theory of constructivism [58] in buildings where society is defining the space and influencing
people’s behavior [51]. Constructivism is based on cultural and social standards as well as learned
behaviors. However, the weakness of this stream of the theory is that the measures are difficult to
quantify, with little support for construction designers, and the theory does not take into account the
environmental impact on human behavior [50,58].

The user-centric approach is developed by [58]. The approach is grounded in user-centered
theory for the built environment/buildings. The theory of user-centrism on the built environment (e.g.,
smart building) connects the two opposing theories, the constructivism theory and the environmental
deterministic theory. Environmental determinism and constructivism both explain the effects of human
behavior on user experiences with the building [55], while the user-centered theory dwells between
the other two theories at different ends.

Extensive user-centric research has been carried out to investigate the factors that affect user
experience, with conventional research focused on comfort [53,59–61]. However, according to [58], there
is no direct correlation between knowledge, comfort, and behavior. As such, one cannot generalize that
designing for comfort will provide a more user-friendly experience, and that important environmental
features, such as resilience and adaptability, are taken into account [62].

According to the suggestion of [58], the user-centric view outlines the user’s experience and
defines it, not only in physiological terms and psychological comfort, but it also substantially addresses
social and behavioral aspects of the buildings. This study suggests that the factors mentioned in the
user experience can be helpful in determining how to improve and successfully support the users in
the smart buildings. Overall, this study is built on the user-centric approach to address the use of AI in
smart buildings in a more holistic framework, from the tech stack to the user stack.

The third research gap that is addressed by this study is related to the missing ecosystem
perspective in smart building research. It is suggested by [63] that there are multiple stakeholders that
are involved in the smart building industry: the building owners, the building operators, and the
building designers that drive building operation and interaction decisions. Evidently, it is argued that
the building and real estate industry and business have complex social and technical process [64], in
which a wide range of stakeholders have to build and communicate high-quality design spaces [65].
However, this conventional approach creates a gap between the tasks of the users and the construction
input factors (e.g., conditions, operational parameters, and user preferences). Furthermore, as explained
by [8], in the context of a smart building, the building users are not limited to the occupants of the
facilities, but they should also include other relevant groups, such as the building’s owners, operators,
as well as facility managers. Thus, from an ecosystem perspective, the smart building and related
technology development (such as AI solutions) need the participation of multiple stakeholders and
actors in the ecosystem, which is rarely addressed in extant research.

A potential way to address restricted technical research in the smart building space is the adoption
of the ecosystemic approach for developing next-generation smart building business. In light of the
emerging ecosystem thinking, the ecosystemic business model is one that is raised as a topic of interest
in the studies of business models (e.g., [46]). Existing research [32] suggests a paradigm shift from
viewing the digital platform as a pure technological platform to deeming it as a business ecosystem
with its resources, assets, and actors. It is suggested by [66] that “The business ecosystem concept
helps to think about how to respond to the dynamic and changing business environment, and how to
move towards dynamic and adaptive business ecosystems”.
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Thus, this paper proposes research on the platform-based business model in the context of a
digital ecosystem that is enabled by AI. The targeted outcome of the study is to provide insight into the
emergence of AI-based platform within a smart building ecosystem coordinated by multiple actors. The
development of a digital platform and its ecosystem adapts to the user behavior and preferences with
AI technology. In this article, we examine to what extent the business model and ecosystem thinking
apply to AI-based environments and what is needed for designing an AI-based business model.

The article presents and discusses a novel approach that is utilized by the smart building industry
in Finland, which shows how far the industry is from achieving better smart building performance
as well as user experience and value in parallel. The principles, applications, and value of such
AI-based business models are presented in the research. We expect this to be of general interest as
such cyber-physical techno-ecosystems emerge for common use. In addition, we will discuss future
directions for the study of methods predicting the use of energy with AI.

The following part of the paper is organized, as follows: Section 2 discusses the typology of
the platforms from both technology and economic perspectives. Subsequently, it introduces the
4C-ecosystemic framework and improves the framework further by incorporating AI and computation
as a new layer within the framework. The overall conceptual framework and the research method are
also presented in the same section. In Section 3, the results of the research are presented and discussed.
Section 4 dives deeper into the refined results. The last section of the paper provides discussion,
conclusion, and future research directions.

2. Materials and Methods

This section presents the core concepts, frameworks, materials, and methods of the study. We
start the discussion with platform thinking and business model concept and summarize the theoretical
discussion with how the business model components are layered.

2.1. The Integrated Typology of the Platforms

As proposed by [67], existing research regarding the concept of the platform can be segregated
into two major views: the technology and engineering view of the platform [68–70] and the economic
view of platform [14,71–73].

In the technology view of the platforms, engineering design scholars were the first to develop the
platform concept. The term is used in the literature that focuses on the development innovation of
new products. The engineering literature tries to investigate the consequences of the so-called "design
hierarchy" [74] to industrial processes (e.g., product development), which gives rise to the concept of
product platforming and stressing the particular selection of product architecture designs [75] that
could support the companies to create product families [76] and rapidly develop new innovations.

From a technical standpoint, the platforms are interpreted as a deliberate technological architecture
that facilitates innovation. The perspective essentially sees the platforms as structurally stable:
innovation takes place on modules, within the framework of stable systems architecture and facilitated
by the interfaces. It is suggested by [67] that the technology view that in design and utilization of
platforms can help companies to achieve economies of scope, design, and innovation. The technology
platform thinking is often associated with the dyadic components of “core” and “peripherals” [67,77].
As such, “a platform architecture partitions a system into stable core components and variable
peripheral components” [77].

At a more detailed level, this study argues that the traditional system elements of digital platforms,
i.e., components and interfaces, should be complemented with two new elements, algorithms and data
when discussing platforms that are enabled by AI [78].

In regard to the economic view of the platform, a stream of the industrial organization
economics literature has established the theory on platform thinking and designs that have been
referred to as “two-sided markets”, “multi-sided markets”, or “multi-sided platforms” [42,78–80].
Economist-perspective platforms are particular sorts of markets that play the role of facilitators of
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trade between customers that could not otherwise transact with each other. Researchers [73] define
two-sided markets as “markets involving two groups of agents interacting via ‘platforms’ where one
group’s benefit from joining a platform depends on the size of the other group that joins the platform”.

In short, the economic theoretical perspective suggests that a platform can create or generate
value by facilitating the connection or transaction of two different groups of customers who would
not be able to interact with each other with no platform. In this way, the platforms produce value by
coordinating the economic activities of the different groups of customers.

Building on the different streams of platform literature in both technical and economic fields, [67]
proposes an integrated typology of the platforms incorporating both the engineering and economic
perspectives. Essentially, the platforms are perceptible at different levels of analysis and organization
levels, such as within companies, supply chains, and industrial ecosystems.

Depending on the degree of abstract and conceptualization, the platform can be classified as
(1) a company and its internal units, or the internal platforms; (2) the network of a company and its
suppliers or the supply chain platforms; and, (3) an ecosystem keystone actor and its supplement
actors in a technology or business ecosystem, or the ecosystem platform. As claimed by [67], such a
common architecture and typology of the platforms is therefore consistent across all platforms and
cuts through all organizational forms, which is aligned with the holistic approach of this study and it is
adopted as part of the conceptual framework of the study.

2.2. The 5C Layers of the Business Model

Regarding the conceptualization of a business model, a review of the literature provides the
insight that there are normally three key aspects that can connect the business model to different
business contexts. The first aspect is related to opportunity exploration and exploitation. The second is
the value aspect that focuses on value creation and capture. The third aspect is tied to the strategy and
management literature that is concerned with establishing (competitive) advantages [32,81,82]. Going
more in-depth, this paper focuses on the concepts of the platform and ecosystemic business model.

First, the platform business model describes the mechanisms of coordinating the interactions,
activities, as well as transactions through the establishment of the network effect; the value of the
platform can dynamically change or shift depending on the platform participation rates [83]. The
network of participants can explore and/or create opportunities and help to optimize the costs and
revenues for the efficiency of the platform. As mentioned before, Amazon [42] and Google [43] are
empirical examples of platform business models.

Second, the platform business model also embodies the ecosystemic thinking that expands the
organizational boundary of a firm (1) to co-create and co-capture value with external organizations
and other companies [84]; and, (2) facilitate connection and interaction among different organizations,
communities, as well as the individuals for the joint innovations, especially in the context of an
ecosystem [85]. In this vein, the 4C framework for digital ecosystem has been utilized to empirically
research the various phenomenon of digitalization, for instance, the 4C framework has been employed
in studies related to large and complex industries, such as energy and telecommunication [32,86,87].
The framework is adopted and further improved in this research by integrating the AI aspect.

The 4C framework describes the typology of a business model based on four categorical value
propositions or aspects: the Connection, Content, Context, and Commerce (as shown in Table 1). The
four categories of a business model are formed as layers, where lower-layer business models act as
catalysts or enablers for the business models in the upper layers. When dynamically placing the layered
business models, one can obtain more advantage and achieve better benefits and values in terms of
developing innovative and differentiated (digital) business models within the ecosystem. In the focal
research project of the paper, the 4C ecosystemic framework is identified as a key tool or approach for
supporting the service dynamics, experience-based automated provisioning, and utilization on an AI
platform for smart buildings. The 4C framework also facilitates the business model value co-creation
and co-capture [32] within the ecosystem.
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Table 1. The 4C ecosystemic business model and value framework (adapted from [32,87]).

Layer Description

Commerce Digital services and solutions that provide all stakeholders with an application or
marketplace for trading alternative connectivity solutions, content, or context data.

Context Digital services and solutions that provide data and information-related
contextual-based services.

Content Digital services and solutions that provide any data, information, and content that
users would want or need.

Connection Connection technologies and solutions to connect one or more networks.

In the 4C framework, the content and context layers are particularly relevant to the field of AI
as data, and context-aware services from these two layers are primarily enabled and supported by
the underlying technical infrastructure. As such, different types and sources of data (the proprietarily
copyrighted data, the data that is co-created or system-generated) can be utilized to create new
predictive analytics and on-demand digital content and functionality for the smart buildings to deploy
contextualized services.

Furthermore, grounded on the 4C concept, this study introduces an additional layer as the fifth
“C”, or the computation layer of the ecosystemic business model. From the technology perspective, the
computation value of a digitalized ecosystem is realized through the integration of AI technology and
algorithms into the existing ICT systems. The AI algorithms are developed and trained through various
frameworks (e.g., Tensorflow) and hardware and software computation resources. AI algorithms are
trained to build meaningful models to enable the execution of the automated tasks at scale building on
top of the establishment of network connectivity and the extraction, collection, and storage of data.
From the economic and business model perspective, AI and computation as a new layer do not only
support and enable the creation of other types of value in the smart building and real estate ecosystems,
but also serve as a stand-alone technology stack for other application verticals.

Overall, the conceptual framework development that was employed in this research is
demonstrated in Figure 1. In the horizontal direction, the three major types of platforms at different
scales are provided; while in the vertical direction, the 5C layers of the ecosystemic business model
are placed and overplayed with the typology of the framework. This integrated framework will be
employed in the later section to analyze the smart building and real estate ecosystem in Finland that is
enabled by AI technology with multiple-use cases.

2.3. The Methodology

The research adopts the multi-method and interpretive case study approach [88]. The AI platform
and its ecosystem come from the VirpaD research project. The research is a Finnish national digital
service and innovation project. The smart building ecosystem that is involved in this study is jointly
established through industry-academia collaboration. The entire project consortium consists of over
ten companies (large international companies and smaller local players) as well as four universities.
The ultimate goal of the project is to co-create and co-develop multiple digital and value-added services
for the real estate and facilities business and the smart building end users.

As the architects of the digital platform and the ecosystem, the keystones or leading actors of the
platforms need to take action regarding designing, managing, and modifying the ecosystems as the
external environment conditions shift. This is an extremely complex task, while taking into account
the breadth of the related stakeholders, the numerous features of such ecosystems, as well as the high
uncertainty. The leader or the orchestrator of the platform acts in a world of market failures due to the
inadequate information and data that can affect the effective decision making. This is especially the
case in a connected digital platform and ecosystem, where highly dependent decisions are required
due to the presence of interdependent network effects.
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Figure 1. The overall conceptual framework of the study.

We are investigating the AI-enabled platforms through multiple AI use cases from 10 prominent
companies in AI, big data, and smart building and real estate ecosystems. There are both large
multinational firms and fast-growing Small and Medium-sized Enterprises (SMEs) in this sector. The
study also includes the leading property asset management company in North Europe, with over one
million square meters of buildings and properties under its management. Our findings are integrated
into a broader emergency framework, which allows for us to contribute to the discussion on the pros
and cons of changing the main business model or running parallel side business models (e.g., [89,90]).

We follow an ecosystem approach to engage and involve key players and stakeholders in the
ecosystem, including public and private partners. Such an approach is similar to the mass solution
systems [91] proposed by the ecosystem system approach to complex problem solving from different
backgrounds and heterogeneous contributions of partners. Therefore, the benefits of such systems are
to create alternative or complementary solutions.

The key activities for the development of the digital platform are conducted in four so-called
“mini-ecosystems” of the project. The main focuses of the activities involve the following: first,
value-added services with a data-driven approach; and second, data collection, data refining, and data
analysis. The data are collected from the actual building users with the purpose of promoting and
advocating for well-being in smart buildings. Through effective data collection and data utilization
from multiple data sources and ecosystem actors, the project creates and develops innovative business
cases and new value for future smart buildings. This study has focused on researching the narrative
reality [92] of the actors within the focal ecosystem. The research incorporates the entanglements of the
technology on one side and the user experience on the other side, especially in the ecosystem setting in
which the narratives [92] can convey.

In regard to the data collection, the study collects the empirical data through three face-to-face
interactive ecosystem actor workshops during the period of 2018–2019. To study an emergent ecosystem
like the selected case, the research utilizes the organizational ethnography [93] as well as the interpretive
case study methods. Referring to [94], there is an entanglement of both human and non-human aspects
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(e.g., technology, business models) intertwined in complex situations like the ecosystem. In the context
of AI-based platforms and ecosystems, interactive activities affect and shape each individual agent,
which can include AI technologies, human users, and other agents. The agents can have a shared
momentary view of the ecosystem. However, individual agents might not comprehend the whole
picture due to their positions and limited perspectives in the ecosystem [64,94]. Through an interactive
process, the agents can shift their perspectives on the ecosystem, and in turn change the ecosystem.
Overall, the study of the smart building ecosystem involves researching the narrative reality [92] of the
ecosystem actors. In addition, the study is supported and supplemented with additional evidence,
including secondary materials (e.g., industry data, market reports and company documents).

3. Results

Building on the review of the extant literature, as well as the empirical results of the research, our
results support the argument that the 5C framework is a viable tool for studying AI-based platforms
and ecosystems. It expands the prior 4C ecosystemic framework in the existing digital business
literature. Most importantly, it allows adapting to the advent of AI technology due to the fact that AI is
becoming a GPT that penetrates many sectors and verticals of the digitalized industries.

We present the empirical findings from the mapping of AI use cases in smart building and real
estate ecosystem below.

Figure 2 shows the overall results of the research. We identified five categories of business models
in the AI-based smart building and real estate ecosystems of the study, which are the traditional
product-oriented business models (non-AI), traditional platform-oriented business models (non-AI),
AI-based product-oriented business models, AI-based platform-oriented business models, as well as
the future potential models that are still missing in the investigated ecosystem.

Figure 2. Overview of the research results.
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3.1. AI in the Internal-Oriented Platforms

From the category of organizational internal platforms, many companies still utilize
product-oriented logic in terms of the business model and business operation. Unsurprisingly, the
building and real estate industry has been a traditional sector and the inertia of space and volume-based
model is dominant in the industry. Thus, the ecosystem surrounding the incumbent companies mainly
focuses on the development of un-connected stand-alone products and services across most of the
layers in the ecosystem, products, such as lighting systems, security, video surveillance, building
energy management, IoT (Internet of Things), and the cloud. In the light of gradual adoption of ICT
technology, the relatively innovative companies have introduced the digital systems and platforms
into the organization and business operation. However, many of these systems are used in internal
development or serve as an addition to the existing product offering with limited options to capture
the additional value that is created.

Noticeably, the AI technology partners within the project have been developing the AI platforms
internally, such as video processing and emotion recognition. The concept of technology and
engineering platforms can be applied here, since AI is the internal technology platform for continuous
AI training and development with the organization.

3.2. AI in the Value Chain-Oriented Platforms

When examining the value chain platforms that were identified in the project, the platform-oriented
business models start to become visible. In the connection layer, the digital platform that supports
the integration of building IoT devices are being developed to establish a digital infrastructure for
the creation and delivery of new digital services. AI-enabled building management can support the
supply chain of the property management companies that are gradually becoming smart building
operators. Sensors can inform of material supply shortages and ad hoc services that are needed in a
smarter and more user-centric built environment, which can eventually increase the satisfaction of the
building users.

At the same time, there are non-AI, platform-oriented business models at the commerce layer.
For instance, real estate management companies can build a Wikipedia-like digital platform for their
clients to browse and select the ideal properties based on their preference and criteria. On the one
side, such a platform invites the building owners to the platform to supply relevant building data and
information; on the other side of the platform, the potential building customers are attracted to use the
data and information that were made available by the building owners and the real estate management
companies. Such a novel use of the platform-based business model is very similar to the economy
view of the platform as discussed above, although without the incorporation of AI technology.

3.3. AI in the Ecosystem-Oriented Platforms

Moving into the category of ecosystem platforms, multiple so-called businesses, and technology
innovations have taken place. Building on top of the IoT integration platform, one company has
developed user-centric and integrated platforms that enable the integration of third-party smart
building applications within the ecosystem. From the technology perspective of the platform, such a
keystone action can provide open APIs (Application Programming Interface) to enable smart digital
services at a broader level and with greater scalability. Real-time visualization of the building use
data can enhance user experience. Such a platform can integrate with the AI algorithms, models, and
applications for different use cases. Moreover, the integrated platform can enhance the economic and
commerce aspect by connecting and facilitating the transaction between the potential customers of the
smart buildings and third-party technology providers.

In the context layer, new businesses and solutions are emerging, which are only made possible by
AI. For instance, the AI-enabled lighting solutions can enhance the productivity and well-being of
the smart building users, creating personalized value and unique customer experience when people
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interact with digital systems and services. According to the Cambridge English Dictionary (2018),
context means “the situation within which something exists or happens, and that can help explain it”.
Originally, the context business is proposed by [86] in a study that focuses on classifying typologies
for the digital business models. In the study of [86], the context-focused businesses and business
models make use of the structured data and information that are existing or generated in internet
activities. The companies who adopt the context-focused business model can combine online data and
information with a strong personalization [86].,Through empirical data and observation, this study
identifies that the context business is made possible mainly by context-aware technologies like AI,
just like the connectivity business was merely a concept until the development of telecommunication
technology makes it possible for the public.

In addition to the above findings, the use of the more comprehensive framework of this study
allows for us to see that AI is still an emerging field in the domain of smart building and smart built
environment, both theoretically and empirically. In the categories of the value chain and ecosystem
platforms, it becomes obvious that new and potential (platform) models are needed to be developed in
the future. In both content and computation layers, the platform-oriented business models are missing
yet desired by the ecosystem actors.

New AI techniques, such as deep learning, require a huge volume of data to improve the accuracy
of the model. Data cleaning and pre-processing is another pressing issue, as the data collected in a
real-life environment are quite often not ideal to be used directly as input data for the AI models. It
is worthy to note that certain AI techniques do not require a large volume of external data (such as
deep re-enforcement learning). However, such techniques still have limited use cases and they need
to be further explored. Thus, this study envisions that the value chain- and ecosystem-oriented AI
development platforms and big data platforms can be the emerging new areas of development. Such
platform types have already been introduced in other fields, such as Dialogflow for natural language
processing, which was acquired by Google.

4. Discussion

Further analysis of the research outcomes that are presented in the previous section leads us to a
new proposition of the AI ecosystemic development paths and emerging new quadrants. The creation
of the quadrants is derived through the refinement of the use case mapping results above.

Through the analysis of AI business models and use cases in the focal ecosystem of this research,
the study further develops the AI ecosystemic development path quadrants to help enhance our
understanding of the AI-based and non-AI business models, serving as a further finding of the research.

As illustrated in Figure 3, the AI development quadrants of the study are formed with two
dimensions: the first dimension is the business model archetype dimension and the second is the
AI-enablement dimension. The quadrant starts with the traditional product-based quadrant, where
the conventional product-logic prevails in the smart building and real estate industry. In this quadrant,
not only is the dominant logic the traditional value chain thinking, but AI technology is also not
incorporated or adopted in the building operations and management, which is quite similar to the
status quo of the industry today. Extending from this quadrant, the adoption of AI in technology
and business models can have five potential development paths that are supported by the research
data and finding of this study. The first path is typical in numerous industries that have had or are
undergoing the digital transition. For instance, Airbnb originally used a non-AI approach towards the
conventional type of platform business model in the hotel and accommodation industry, which is a
relevant case for the property business. This path demonstrates the emergence of the platform-based
models with the ecosystem thinking as the cornerstone.
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Figure 3. The AI (Artificial Intelligence) ecosystemic development path quadrants.

The second development path is the shift from traditional product-based business models to the
AI-empowered product-based models. This can be a relatively straightforward path for the industry
incumbents to incorporate AI technology as part of the existing product and service portfolios. It
can also be suitable for the AI startups that have just developed MVP (minimum viable product) AI
products with the core features and functions [95,96].

The third path is to move from the conventional platform business model to the AI-empowered
platform. Existing research shows that a typical digitalized business can be defined by the 4C
ecosystemic framework [32,87], where connectivity and data are integrated as the new technical stacks
for the existing business and organization operations. The addition of a computation layer that is
powered by the algorithms means that the traditional platforms can be transformed into AI-empowered
platforms. Like the previous example of Airbnb, the company today is using deep learning to enhance
the search function and experience for its over five million property listings [97].

Development path four is a more futuristic vision for the “Born AI” companies who are focused on
developing AI products and services for the smart building industry (as well as other industries). These
companies fit well with the 5C framework of this study by having the computation (algorithm) layer at
their inception. However, empirical data shows that, on the commerce layer, many of the AI startups are
still utilizing the more traditional product logic for its business model. Thus, a potential development
path for these companies is to navigate towards the AI platform model through “ecosystem thinking”.

The fifth development path can be a significant leapfrogging from a product-first company to an
AI-first company while transforming the fundamental logic of the business model and operations to the
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platform and ecosystem thinking. Such a transformation is particularly challenging for the companies
based on the evidence and company narratives from the research. However, the empirical example
shows that the possibility still exists. In 2017, Google’s CEO, Sundar Pichai, officially announced that
Google strives to become an “AI-first” firm by having a new and strong emphasis on the utilization
of contextual information, machine learning, and AI technologies to enhance the user experience of
Google’s digital platforms [98]. This is nearly two decades after Google was initially founded in 1998.

5. Conclusions

By using the integrated conceptual framework that developed from the study, we see that
AI-enabled smart buildings are not restricted to the technology development in a few narrow and
restricted technical applications, but AI can be a key for facilitating the transition of the building and
real estate industry, (1) from product-orientation to user-orientation, (2) from a volume-based business
logic to a performance and value-based business logic, and (3) from stand-alone product development
to platform and ecosystem development. These all require a paradigm change in operational practices,
business model designs, and practitioner mentalities.

In this context, the customers and operators of the smart buildings have a potentially important
role to play in the transformation of business models and the transition of the smart building industry
towards AI enablement and empowerment. For instance, the business model can change from space
and volume-based business model to being based on the willingness-to-pay for performance. In
this setting, the customers of the smart building and real estate industry can have the power to set
ambitiously high-performance targets and thus encourage the smart building operators to challenge
both its facilities and the way that it works and the established business practices.

From the use case perspective, the paper sees that the smart building as an emerging concept
can be connected with the related domains of smart city and smart home by looking at the empirical
cases. For example, the AI intelligence can provide context-specific and diverse user experiences for
the public premises (e.g., office buildings, educational institutes, and other smart city facilities) and
private premises (e.g., residential home). Across these contexts, the key elements of an AI platform
(e.g., components, interfaces, data, and algorithms) can be observed at the systemic level. Nonetheless,
such an observation requires further investigation.

From the system’s perspective, the paper contributes to the smart building research at three levels:
At the upper level, the theoretical discussion has been focused on the energy management on a larger
scale, such as in a smart city energy management platform [99] or a smart decision support system
that supports emergency management in city traffic [100]. The management platform (e.g., energy,
water, building usage) emerges as a focal interest in the research project that utilizes the AI algorithms
for more accurate resource and usage prediction and optimized building maintenance operations.
This paper argues that the applications of AI in a broader context of a “smart built environment” is a
relevant and important topic also at a higher level (such as taking a city as a unit of analysis). Research
that focuses more on the development of smart cities can tackle the utilization of AI at this level.

At the middle-ground level, existing research has investigated the energy usage and scheduling
among interconnected residence buildings [101]. Furthermore, the management of energy at the
district level [102], as well as the decentralized and distributed energy networks that enable the energy
management (e.g., DSM (demand-side management) at the local energy network level, have been
conducted. Aligned with this line of research, this study provides the proposition of an AI platform
that can optimize the operations of smart buildings, for instance, operations, such as energy efficiency
and energy-saving management. Reflecting the earlier literature discussion, a digital platform that
facilitates the delivery of the product and service empowered by an ecosystem-oriented business model
and approach is identified as a feasible approach in this research project. The different ecosystem
actors can integrate their technical solutions at different layers of the 5C framework to co-create and
co-capture value through an AI-enabled platform with integrated interfaces and operating modes.
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At the lower level, the majority of the existing studies has been focused on narrow AI applications
in the management of a single smart building [103], smart home [104], and optimization at the user
level [105]. The research identifies that the empirical situation of AI development in the smart building
sector is in line with what has been described and discussed in literature that focuses on respective
technical domains. However, empirical research also shows that there is a need to develop platform
architecture at the system level. On the technical side of the platform, an important issue is how
different AI technologies can have better integration in a connected manner. On the economic side of
the platform, it is crucial for the AI developers and other ecosystem actors to collaborate and identify
the appropriate operating model of the ecosystem to enable value creation, value capture, and value
sharing within the ecosystem.

In summary, the paper provides a number of contributions: First, it extends the AI technology in
the domain of smart buildings by providing, organizing, and analyzing the AI use cases in a more
systematic manner. Second, the research introduces the platform thinking from engineering design and
industrial economic literature to construct a more holistic framework to help understand the potential
development of AI in both technology and business model perspectives. Third, the study promotes
user-centricity and ecosystem-orientation to the existing smart building studies, addressing that
user-side development is a new front for the adoption, integration, and deployment of AI technology
and systems in the smart building sector. For instance, the paper presents the context-aware AI
use cases that emphasize the user-centric thinking for the development of future AI technology and
business models. Fourth, the study refines the existing theoretical frameworks in digital business with
an improved version of the ecosystemic framework and proposes AI ecosystemic development path
quadrants to support and guide the future development of AI at the ecosystem level with the platform
as a new and novel architecture of the technology and business model. The existing smart building
owners, facility management companies, and building product and service providers are primarily the
immediate recipients or beneficiaries of this study. Furthermore, the technical developers, such as AI,
software, and embedded system developers, can also benefit from the results of the paper.

Overall, this study is exploratory research in AI’s potential development in the emerging research
domains of smart building and smart built environment. The study is constructed through a
techno-economic approach. Looking forward, the research sees that, along with technology and the
business model, regulations can also affect the ongoing development of AI in the smart building
sector. For example, data privacy is a significant factor in Europe. The General Data Protection
Regulation (GDPR) is an established legal requirement and regulation in the European Union (EU)
law on the privacy of data and the appropriate protection of individual data in EU member states.
Therefore, future research can consider the regulatory aspect of AI technology development for the
smart building sector. Additionally, future studies can incorporate more empirical smart building use
case and ecosystems to test and apply the framework of this research on a larger scale.

Author Contributions: Conceptualization, Y.X., P.A. and M.T.; Data curation, Y.X., M.T. and M.M.; Formal analysis,
Y.X. and P.A.; Funding acquisition, P.A., M.M. and J.H.; Investigation, Y.X., P.A. and M.T.; Methodology, M.T.;
Project administration, Y.X., P.A. and M.M.; Resources, P.A., M.M. and J.H.; Supervision, P.A.; Validation, P.A., M.T.
and M.M.; Visualization, Y.X. and P.A.; Writing—original draft, Y.X., P.A. and M.T.; Writing—review & editing,
Y.X., P.A., M.T., M.M. and J.H.

Funding: This research is funded by Business Finland (the Finnish public funding agency for research and
technology development), the VirpaD project.

Acknowledgments: The authors would like to thank the support of the VirpaD project consortium.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Larkin, H.; Hitch, D.; Watchorn, V.; Ang, S. Working with policy and regulatory factors to implement
universal design in the built environment: The Australian experience. Int. J. Environ. Res. Public Health 2015,
12, 8157–8171. [CrossRef] [PubMed]

http://dx.doi.org/10.3390/ijerph120708157
http://www.ncbi.nlm.nih.gov/pubmed/26184278


Electronics 2019, 8, 1150 16 of 19

2. Lu, P.; Chen, S.; Zheng, Y. Artificial Intelligence in Civil Engineering. Math. Probl. Eng. 2012, 2012, 145974.
[CrossRef]

3. Wang, Z.; Srinivasan, R.S. A review of artificial intelligence based building energy prediction with a focus on
ensemble prediction models. In Proceedings of the 2015 Winter Simulation Conference (WSC), Huntington
Beach, CA, USA, 6–9 December 2016; pp. 3438–3448.

4. Singer, D.; Bügler, M.; Borrmann, A.; Program, K. Leading N.R.C. Knowledge Based Bridge
Engineering—Artificial Intelligence Meets Building Information Modeling. In Proceedings of the EG-ICE
Workshop on Intelligent Computing in Engineering, Krakow, Poland, 29 June–1 July 2016.

5. Moore, G.M. Moore’s Law. Electronics 1965, 38, 114.
6. Brynjolfsson, E.; McAfee, A. The Second Machine Age: Work, Progress, and Prosperity in a Time of Brilliant

Technologies; W W Norton & Co: New York, NY, USA, 2014; ISBN 978-0-393-23935-5.
7. Whyte, J.K.; Hartmann, T. How digitizing building information transforms the built environment. Build. Res.

Inf. 2017, 45, 591–595. [CrossRef]
8. Zhang, J.; Seet, B.C.; Lie, T.T. Building information modelling for smart built environments. Buildings 2015, 5,

100–115. [CrossRef]
9. Nakashima, H.; Aghajan, H.; Augusto, J.C. Handbook of Ambient Intelligence and Smart Environments; Springer:

New York, NY, USA, 2010; ISBN 9780387938073.
10. Sullivan, F. Disruptive Innovations Powering Smart Buildings Overview of Key Developments and Innovations

Enabling the Adoption of Smarter Buildings; 2019. Available online: https://store.frost.com/disruptive-
innovations-powering-smart-buildings.html (accessed on 16 September 2019).

11. Wang, Z.; Srinivasan, R.S. A review of artificial intelligence based building energy use prediction: Contrasting
the capabilities of single and ensemble prediction models. Renew. Sustain. Energy Rev. 2017, 75, 796–808.
[CrossRef]

12. Smits, W.; van Buiten, M.; Hartmann, T. Yield-to-BIM: Impacts of BIM maturity on project performance.
Build. Res. Inf. 2017, 45, 336–346. [CrossRef]

13. Harrison, C.; Donnelly, I.A. A Theory of Smart Cities. In Proceedings of the Proceedings of the 55th Annual
Meeting of the ISSS-2011, Hull, UK, 17–22 July 2011; pp. 1–15.

14. Teece, D.J. Profiting from innovation in the digital economy: Enabling technologies, standards, and licensing
models in the wireless world. Res. Policy 2018, 47, 1367–1387. [CrossRef]

15. Coppin, B. Artificial Intelligence Illuminated; Solomon, S., Ed.; Jones and Bartlett Publishers, Inc.: Burlington,
MA, USA, 2004; ISBN 0-7637-3230-3.

16. Ison, R.L. Systems thinking and practice for action research. SAGE Res. Methods 2008. [CrossRef]
17. Nilsson, N. Artificial Intelligence: A New Synthesis; Morgan Kaufmann: Burlington, MA, USA, 1998; ISBN

9780080948348.
18. Ilter, D.; Dikbas, A. A review of the artificial intelligence applications in construction dispute resolution. In

Proceedings of the CIBW78 Managing IT in Construction 26th International Conference, Istanbul, Turkey,
1–3 October 2009.

19. De Ridder, D. Artificial intelligence in the lab: Ask not what your computer can do for you. Microb. Biotechnol.
2019, 12, 38–40. [CrossRef]

20. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436. [CrossRef] [PubMed]
21. Dong, B.; Cao, C.; Lee, S.E. Applying support vector machines to predict building energy consumption in

tropical region. Energy Build. 2005, 37, 545–553. [CrossRef]
22. Jain, R.K.; Smith, K.M.; Culligan, P.J.; Taylor, J.E. Forecasting energy consumption of multi-family residential

buildings using support vector regression: Investigating the impact of temporal and spatial monitoring
granularity on performance accuracy. Appl. Energy 2014, 123, 168–178. [CrossRef]

23. Chou, J.S.; Bui, D.K. Modeling heating and cooling loads by artificial intelligence for energy-efficient building
design. Energy Build. 2014, 82, 437–446. [CrossRef]

24. Olofsson, T.; Andersson, S.; Östin, R. A method for predicting the annual building heating demand based on
limited performance data. Energy Build. 1998, 28, 101–108. [CrossRef]

25. Cherkassky, V.; Ma, Y. Practical selection of SVM parameters and noise estimation for SVM regression. Neural
Netw. 2004, 17, 113–126. [CrossRef]

26. Zott, C.; Amit, R.; Massa, L. The business model: Recent developments and future research. J. Manag. 2011,
37, 1019–1042.

http://dx.doi.org/10.1155/2012/145974
http://dx.doi.org/10.1080/09613218.2017.1324726
http://dx.doi.org/10.3390/buildings5010100
https://store.frost.com/disruptive-innovations-powering-smart-buildings.html
https://store.frost.com/disruptive-innovations-powering-smart-buildings.html
http://dx.doi.org/10.1016/j.rser.2016.10.079
http://dx.doi.org/10.1080/09613218.2016.1190579
http://dx.doi.org/10.1016/j.respol.2017.01.015
http://dx.doi.org/10.4135/9781848607934.n15
http://dx.doi.org/10.1111/1751-7915.13317
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
http://dx.doi.org/10.1016/j.enbuild.2004.09.009
http://dx.doi.org/10.1016/j.apenergy.2014.02.057
http://dx.doi.org/10.1016/j.enbuild.2014.07.036
http://dx.doi.org/10.1016/S0378-7788(98)00004-8
http://dx.doi.org/10.1016/S0893-6080(03)00169-2


Electronics 2019, 8, 1150 17 of 19

27. Zott, C.; Amit, R. Business model design: An activity system perspective. Long Range Plan. 2010, 43, 216–226.
[CrossRef]

28. Atkova, I. From Opportunity to Business Model: An Entrepreneurial Action Perspective; University of Oulu: Oulu,
Finland, 2018.

29. Osterwalder, A.; Pigneur, Y. Business Model Generation: A Handbook for Visionaries, Game Changers, and
Challengers; Wiley: Hoboken, NJ, USA, 2010; ISBN 9780470876411.

30. Foss, N.J.; Saebi, T. Fifteen Years of Research on Business Model Innovation: How Far Have We Come, and
Where Should We Go? J. Manag. 2017, 43, 200–227. [CrossRef]

31. Amit, R.; Han, X. Value Creation through Novel Resource Configurations in a Digitally Enabled World.
Strateg. Entrep. J. 2017, 11, 228–242. [CrossRef]

32. Xu, Y.; Ahokangas, P.; Reuter, E. EaaS: Electricity as a service? J. Bus. Model. 2018, 6, 1–23.
33. McGrath, R.G. Business models: A discovery driven approach. Long Range Plan. 2010, 43, 247–261. [CrossRef]
34. Massa, L.; Tucci, C.; Afuah, A. A Critical Assessment of Business Model Research. Acad. Manag. Ann. 2017,

11, 73–104. [CrossRef]
35. Baden-Fuller, C.; Haefliger, S. Business Models and Technological Innovation. Long Range Plan. 2013, 46,

419–426. [CrossRef]
36. Tiwana, A.; Konsynski, B.; Bush, A.A. Research Commentary—Platform Evolution: Coevolution of Platform

Architecture, Governance, and Environmental Dynamics. Inf. Syst. Res. 2010, 21, 675–687. [CrossRef]
37. Kindström, D. Towards a service-based business model—Key aspects for future competitive advantage. Eur.

Manag. J. 2010, 28, 479–490. [CrossRef]
38. Weiller, C.; Neely, A. Business Model Design in an Ecosystem Context; University of Cambridge: Cambridge,

UK, 2013.
39. Sawy, O.; Pereira, F. Business Modelling in the Dynamic Digital Space an Ecosystem Approach; Springer:

Berlin/Heidelberg, Germany, 2013; ISBN 9783642317651.
40. Xu, Y.; Kopsakangas-savolainen, M.; Ahokangas, P.; Li, F. Ecosystemic Business Model and Value in

the Peer-To-Peer Smart Grid. In Proceedings of the 2016 International Conference on Global Energy
Interconnection, Beijing, China, 30–31 March 2016; pp. 858–871.

41. El Sawy, O.A.; Malhotra, A.; Gosain, S.; Young, K.M. IT-intensive value innovation in the electronic economy:
Insights from Marshall Industries. MIS Q. 1999, 23, 305–335. [CrossRef]

42. Evans, D.S. The antitrust economics of multi-sided platform markets. Yale J. Regul. 2003, 20, 325–381.
43. Evans, D.S.; Schmalensee, R. Catalyst Code: The Strategies Behind the World’s Most Dynamic Companies; Harvard

Business School Press: Harvard, MA, USA, 2007.
44. Selsky, J.W.; Goes, J.; Babüroglu, O. Contrasting perspectives of strategy making: Applications in

’hyper’environments. Organ. Stud. 2007, 28, 71–94.
45. Iansiti, M.; Levien, R. Strategy as ecology. Harv. Bus. Rev. 2004, 82, 68–81.
46. Iivari, M.M.; Ahokangas, P.; Komi, M.; Tihinen, M.; Valtanen, K. Toward Ecosystemic Business Models in the

Context of Industrial Internet. J. Bus. Model. 2016, 4, 42–59.
47. Casadesus-Masanell, R.; Llanes, G. Mixed Source. Manag. Sci. 2011, 57, 1212–1230. [CrossRef]
48. Jacobides, M.G.; Cennamo, C.; Gawer, A. Towards a theory of ecosystems. Strateg. Manag. J. 2018, 39,

2255–2276. [CrossRef]
49. Aho, I. Value-added business models: Linking professionalism and delivery of sustainability. Build. Res. Inf.

2013, 41, 110–114. [CrossRef]
50. Vischer, J.C. Towards a user-centred theory of the built environment. Build. Res. Inf. 2008, 36, 231–240.

[CrossRef]
51. Hillier, B. Space and spatiality: What the built environment needs from social theory. Build. Res. Inf. 2008,

36, 216–230. [CrossRef]
52. Vischer, J.C. Towards an environmental psychology of workspace: How people are affected by environments

for work. Archit. Sci. Rev. 2008, 51, 97–108. [CrossRef]
53. Roulet, C.-A.; Johner, N.; Foradini, F.; Bluyssen, P.; Cox, C.; De Oliveira Fernandes, E.; Müller, B.; Aizlewood, C.

Perceived health and comfort in relation to energy use and building characteristics. Build. Res. Inf. 2006, 34,
467–474. [CrossRef]

54. Webb, A.R. Considerations for lighting in the built environment: Non-visual effects of light. Energy Build.
2006, 38, 721–727. [CrossRef]

http://dx.doi.org/10.1016/j.lrp.2009.07.004
http://dx.doi.org/10.1177/0149206316675927
http://dx.doi.org/10.1002/sej.1256
http://dx.doi.org/10.1016/j.lrp.2009.07.005
http://dx.doi.org/10.5465/annals.2014.0072
http://dx.doi.org/10.1016/j.lrp.2013.08.023
http://dx.doi.org/10.1287/isre.1100.0323
http://dx.doi.org/10.1016/j.emj.2010.07.002
http://dx.doi.org/10.2307/249466
http://dx.doi.org/10.1287/mnsc.1110.1353
http://dx.doi.org/10.1002/smj.2904
http://dx.doi.org/10.1080/09613218.2013.736203
http://dx.doi.org/10.1080/09613210801936472
http://dx.doi.org/10.1080/09613210801928073
http://dx.doi.org/10.3763/asre.2008.5114
http://dx.doi.org/10.1080/09613210600822279
http://dx.doi.org/10.1016/j.enbuild.2006.03.004


Electronics 2019, 8, 1150 18 of 19

55. Lawrence, D.L.; Low, S.M. The Built Environment and Spatial Form. Annu. Rev. Anthropol. 1990, 19, 453–505.
[CrossRef]

56. Åke Granath, J.; Alexander, K. A theoretical reflection on the practice of designing for usability. In Proceedings
of the European Facility Management Conference, Frankfurt, Germany, 12–14 June 2006.

57. Nikolopoulou, M.; Baker, N.; Steemers, K. Thermal comfort in outdoor urban spaces: Understanding the
Human parameter. Sol. Energy 2001, 70, 227–235. [CrossRef]

58. Kalvelage, K.; Dorneich, M. A user-centered approach to user-building interactions. Proc. Hum. Factors
Ergon. Soc. Annu. Meet. 2014, 2014, 2008–2012. [CrossRef]

59. Frontczak, M.; Wargocki, P. Literature survey on how different factors influence human comfort in indoor
environments. Build. Environ. 2011, 46, 922–937. [CrossRef]

60. Nicol, J.F.; Humphreys, M.A. Adaptive thermal comfort and sustainable thermal standards for buildings.
Energy Build. 2002, 34, 563–572. [CrossRef]

61. Orosa, J.A.; Oliveira, A.C. Hourly indoor thermal comfort and air quality acceptance with passive climate
control methods. Renew. Energy 2009, 34, 2735–2742. [CrossRef]

62. Brown, Z.; Cole, R.J. Influence of occupants’ knowledge on comfort expectations and behaviour. Build. Res.
Inf. 2009, 37, 227–245. [CrossRef]

63. Matson, Z.; Donmez, B.; Savan, B.; Photiadis, D.; Farahani, E.; Dafoe, J. Social drivers of technology adoption
and use in the workplace productivity context. Proc. Hum. Factors Ergon. Soc. Annu. Meet. 2012, 56,
2103–2107. [CrossRef]

64. Garud, R.; Turunen, M. The Banality of Organizational Innovations: Embracing the Substance—Process
Duality. Innov. Manag. Policy Pract. 2017, 19, 31–38. [CrossRef]

65. Haymaker, J.R. Opportunities for AI to Improve Sustainable Building Design Processes Introduction: AEC &
Sustainable Design. In Proceedings of the 2011 AAAI Spring Symposium, Stanford, CA, USA, 21–23 March
2011; pp. 60–65.

66. Mazhelis, O.; Warma, H.; Leminen, S.; Ahokangas, P.; Pussinen, P.; Rajahonka, M.; Siuruainen, R.; Okkonen, H.;
Shveykovskiy, A.; Myllykoski, J. Internet-of-Things Market, Value Networks, and Business Models: State of the Art
Report; University of Jyvaskyla: Jyväskylä, Finland, 2013.

67. Gawer, A. Bridging differing perspectives on technological platforms: Toward an integrative framework.
Res. Policy 2014, 43, 1239–1249. [CrossRef]

68. Meyer, M.H.; Lehnerd, A.P. The Power of Product Platforms; Free Press: New York, NY, USA, 1997.
69. Krishnan, V.; Gupta, S. Appropriateness and Impact of Platform-Based Product Development. Manag. Sci.

2001, 47, 52–68. [CrossRef]
70. Jiao, J.; Simpson, T.W.; Siddique, Z. Product family design and platform-based product development: A

state-of-the-art review. J. Intell. Manuf. 2007, 18, 5–29. [CrossRef]
71. Rochet, J.-C.; Tirole, J. Two-Sided Markets: An Overview. Institut d’Economie Industrielle Working Paper

2004. Available online: https://pdfs.semanticscholar.org/1181/ee3b92b2d6c1107a5c899bd94575b0099c32.pdf
(accessed on 19 September 2019).

72. Evans, D.S.; Hagiu, A.; Schmalensee, R. Invisible Engines: How Software Platforms Drive Innovation and Transform
Industries; The MIT Press: Cambridge, MA, USA, 2006; ISBN 9786078418152.

73. Armstrong, M. Competition in two-sided markets. RAND J. Econ. 2006, 37, 668–691. [CrossRef]
74. Clark, K.B. The interaction of design hierarchies and market concepts in technological evolution. Res. Policy

1985, 14, 235–251. [CrossRef]
75. KT, U. The role of product architecture in the manufacturing firm. Res. Policy 1995, 24, 419–440.
76. Sanderson, S.; Uzumeri, M. Managing product families: The case of the Sony Walkman. Res. Policy 1995, 24,

761–782. [CrossRef]
77. Baldwin, C.Y.; Woodard, C.J. The Architecture of Platforms: A Unified View; Edward Elgar Publishing:

Cheltenham, UK, 2009.
78. Rochet, J.-C.; Tirole, J. Platform Competition in Two-Sided Markets. J. Eur. Econ. Assoc. 2003, 1, 990–1029.

[CrossRef]
79. Rochet, J.C.; Tirole, J. Two-sided markets: A progress report. RAND J. Econ. 2006, 37, 645–667. [CrossRef]
80. Rysman, M. The Economics of Two-Sided Markets. J. Econ. Perspect. 2009, 23, 125–143. [CrossRef]
81. Chesbrough, H. Business model innovation: Opportunities and barriers. Long Range Plan. 2010, 43, 354–363.

[CrossRef]

http://dx.doi.org/10.1146/annurev.an.19.100190.002321
http://dx.doi.org/10.1016/S0038-092X(00)00093-1
http://dx.doi.org/10.1177/1541931214581419
http://dx.doi.org/10.1016/j.buildenv.2010.10.021
http://dx.doi.org/10.1016/S0378-7788(02)00006-3
http://dx.doi.org/10.1016/j.renene.2009.04.021
http://dx.doi.org/10.1080/09613210902794135
http://dx.doi.org/10.1177/1071181312561446
http://dx.doi.org/10.1080/14479338.2016.1258996
http://dx.doi.org/10.1016/j.respol.2014.03.006
http://dx.doi.org/10.1287/mnsc.47.1.52.10665
http://dx.doi.org/10.1007/s10845-007-0003-2
https://pdfs.semanticscholar.org/1181/ee3b92b2d6c1107a5c899bd94575b0099c32.pdf
http://dx.doi.org/10.1111/j.1756-2171.2006.tb00037.x
http://dx.doi.org/10.1016/0048-7333(85)90007-1
http://dx.doi.org/10.1016/0048-7333(94)00797-B
http://dx.doi.org/10.1162/154247603322493212
http://dx.doi.org/10.1111/j.1756-2171.2006.tb00036.x
http://dx.doi.org/10.1257/jep.23.3.125
http://dx.doi.org/10.1016/j.lrp.2009.07.010


Electronics 2019, 8, 1150 19 of 19

82. Zott, C.; Amit, R. The business model: A theoretically anchored robust construct for strategic analysis.
Strateg. Organ. 2013, 403–411. [CrossRef]

83. Eisenmann, T.; Parker, G.; Alstyne, M.W. Van Strategies for Two-Sided Markets. Harv. Bus. Rev. 2006, 84, 12.
84. Chesbrough, H.; Vanhaverbeke, W. A Classification of Open Innovation and Open Business Models. In New

Frontiers in Open Innovation; Oxford University Press: Oxford, UK, 2014; pp. 50–68. ISBN 9780199682676.
85. Saebi, T.; Foss, N.J. Business models for open innovation: Matching heterogeneous open innovation strategies

with business model dimensions. Eur. Manag. J. 2015, 33, 201–213. [CrossRef]
86. Wirtz, B.W.; Schilke, O.; Ullrich, S. Strategic development of business models: Implications of the web 2.0 for

creating value on the internet. Long Range Plan. 2010, 43, 272–290. [CrossRef]
87. Yrjola, S.; Ahokangas, P.; Matinmikko, M. Evaluation of recent spectrum sharing concepts from business

model scalability point of view. In Proceedings of the 2015 IEEE International Symposium on Dynamic
Spectrum Access Networks, Stockholm, Sweden, 29 September–2 October 2015; pp. 241–250.

88. Walsham, G. Doing interpretive research. Eur. J. Inf. Syst. 2006, 15, 320–330. [CrossRef]
89. Helfat, C.E.; Raubitschek, R.S. Dynamic and integrative capabilities for profiting from innovation in digital

platform-based ecosystems. Res. Policy 2018, 47, 1391–1399. [CrossRef]
90. Markides, C.C. Business Model Innovation: What Can the Ambidexterity Literature Teach US? Acad. Manag.

Perspect. 2013, 27, 313–323. [CrossRef]
91. Efinition, D.; Ypology, T.; Esign, D.; Geiger, D.; Fielt, E.; Rosemann, M.; Schader, M. Crowdsourcing

Information Systems-Definition Typology, and Design. In Proceedings of the Thirty Third International
Conference on Information Systems, Orlando, FL, USA, 16–19 December 2012; Volume 12, pp. 1–11.

92. Bruner, J. The Narrative Construction of Reality. Crit. Inq. 1991, 18, 1–21. [CrossRef]
93. Alvesson, M.; Sköldberg, K. Reflexive Methodology: New Vistas for Qualitative Research, 3rd ed.; Sage Publications:

London, UK, 2017; ISBN 1848601123.
94. Barad, K. Meeting the Universe Halfway: Quantum Physics and the Entanglement of Matter and Meaning; Duke

University Press: Durham, UK, 2007.
95. Blank, S. The Four Steps to the Epiphany, 2nd ed.; K & S Ranch: San Jose, CA, USA, 2013; ISBN 1708-3087.
96. Hokkanen, L.; Xu, Y.; Väänänen, K. Focusing on User Experience and Business Models in Startups:

Investigation of Two-dimensional Value Creation. In Proceedings of the 20th International Academic
Mindtrek Conference, Tampere, Finland, 17–18 October 2016.

97. Haldar, M.; Abdool, M.; Ramanathan, P.; Xu, T.; Yang, S.; Duan, H.; Zhang, Q.; Barrow-Williams, N.; Turnbull, B.C.;
Collins, B.M.; et al. Applying Deep Learning to Airbnb Search. In Proceedings of the 25th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining, Anchorage, AK, USA, 4–8 August 2019.

98. Triggs, R. What Being an “AI First” Company Means for Google. Available online: https://www.
androidauthority.com/google-ai-first-812335/ (accessed on 22 May 2019).

99. Calvillo, C.F.; Sánchez-Miralles, A.J.V. Energy management and planning in smart cities. CIRED Open Access
Proc. J. 2017, 2017, 2723–2725. [CrossRef]

100. Mladineo, N.; Knezic, S.; Jajac, N. Decision Support System for emergency management on motorway
networks. Transportmetrica 2011, 7, 45–62. [CrossRef]

101. Carli, R.; Dotoli, M. Cooperative Distributed Control for the Energy Scheduling of Smart Homes with Shared
Energy Storage and Renewable Energy Source. IFAC-PapersOnLine 2017, 50, 8867–8872. [CrossRef]

102. Brusco, G.; Burgio, A.; Menniti, D.; Pinnarelli, A.; Sorrentino, N. Energy management system for an energy
district with demand response availability. IEEE Trans. Smart Grid 2014, 5, 2385–2393. [CrossRef]

103. Figueiredo, J.; Sá Da Costa, J. A SCADA system for energy management in intelligent buildings. Energy
Build. 2012, 49, 85–98. [CrossRef]

104. Carli, R.; Dotoli, M. Energy scheduling of a smart home under nonlinear pricing. In Proceedings of the 3rd
IEEE Conference on Decision and Control, Los Angeles, CA, USA, 15–17 December 2014; pp. 5648–5653.

105. Carli, R.; Dotoli, M. A decentralized resource allocation approach for sharing renewable energy among
interconnected smart homes. In Proceedings of the 2015 54th IEEE Conference on Decision and Control
(CDC), Osaka, Japan, 15–18 December 2015; pp. 5903–5908.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1177/1476127013510466
http://dx.doi.org/10.1016/j.emj.2014.11.002
http://dx.doi.org/10.1016/j.lrp.2010.01.005
http://dx.doi.org/10.1057/palgrave.ejis.3000589
http://dx.doi.org/10.1016/j.respol.2018.01.019
http://dx.doi.org/10.5465/amp.2012.0172
http://dx.doi.org/10.1086/448619
https://www.androidauthority.com/google-ai-first-812335/
https://www.androidauthority.com/google-ai-first-812335/
http://dx.doi.org/10.1016/j.rser.2015.10.133
http://dx.doi.org/10.1080/18128600903244669
http://dx.doi.org/10.1016/j.ifacol.2017.08.1544
http://dx.doi.org/10.1109/TSG.2014.2318894
http://dx.doi.org/10.1016/j.enbuild.2012.01.041
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	What is AI? 
	Research on the Ecosystem Business Model and Platform 
	Research Gaps Addressed in This Study 

	Materials and Methods 
	The Integrated Typology of the Platforms 
	The 5C Layers of the Business Model 
	The Methodology 

	Results 
	AI in the Internal-Oriented Platforms 
	AI in the Value Chain-Oriented Platforms 
	AI in the Ecosystem-Oriented Platforms 

	Discussion 
	Conclusions 
	References

