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ABSTRACT  
Data and information being generated by a wide variety of sectors are increasingly used to predict future situations, spreading 

through complex networks operating simultaneously in multiple markets, geographical, social and cultural contexts. However, this 
influence of data is going unnoticed in design development. Increasing demand for products/services utilising data and/or generating 
data involves defining new ways of operating in which new methods, practices and tools are important and can create a higher level of 
data integration in the creative process, being this the basis of the Data Driven Design Model presented in this paper. 
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INTRODUCTION  

Technological advances are leading companies to face 
a recent set of business challenges based on digitalization 
and thus generating unprecedented levels of competition. 
Customer demand is focusing on individualization, i.e. 
on-demand service delivery, and is currently combining 
physical products with digital services. As a result, they 
are forced to improve their conventional design processes, 
requiring the use of more efficient and up-to-date 
development methods. Big data is driving business 
development further (Mayer-Schönberger, Cukier & 
Iriarte, 2013) and decision-making automation challenge. 
More information about their customers' emotions is also 
being gathered, leading to a growth in sentiment analysis 
(Liu, 2012). It is, therefore, necessary for companies to 
develop their data management capabilities accordingly 
so as to actively identify and managing data value, 
providing a tool to improve control over the dynamics 
within organisations and societies (Ratti & Claudel, 
2016).  

Today we have a massive range of devices, which 
boast both internal computer technology and a partial or 
total connection to the Internet, with individuals 
interconnected to systems through sensors that 
continuously collect digital data about the physical world 
(Lycett, 2013). This situation allows objects and people to 
become identifiable, trackable, manageable and/or 
controllable making possible a regularization of the data 
impacting more and more on our lives (O'Neil, 2016). 
Additionally, numerous projects already have the ability 
to encode data on the physical and tactile properties of 
objects, both in static (Stusak, Schwarz & Butz, 2015) and 
dynamic (Taher et al., 2017) forms. In turn enabling the 

completion of our tasks and generation of large amounts 
of data at an unprecedented level of granularity 
(Ciuccarelli, Lupi & Simeone 2014). Velocity, variety and 
volume are the three fundamental aspects of big data 
(Chen et al., 2012, Kwon et al., 2014), so existing 
methodologies need to acquire these qualities to an 
equivalent level. They must evolve and give rise to faster 
processes that allow for a more iterative and flexible 
development.  

The aim of this work is to discuss the data-driven 
design model (DDDM); it has potential to increase 
knowledge in the first phases of the process of creative 
development based on big data, bridging the gap between 
the problem and the solution, where the creative act takes 
place. This discovery of data early on allows for far 
greater stimulation of creativity compared to traditional 
models, by promoting faster development times and 
innovative solutions. In addition, data interpretation 
makes it possible to monitor and predict design changes 
that could become difficult in the future. 

THEORETICAL BACKGROUND 

Empirical findings within this work are based on the 
fact that there is no consensual agreement on how 
creativity and the creative process itself should be 
understood, even after a century of research (Wallas, 
1926; Guilford, 1950; Osborn, 1979; Amabile, 1983; 
Boden, 1994). With the passing of time, there has been an 
evolution in the creative process. The result is not thought 
to come about just because of a single event at one 
moment. It normally happens when several factors 
combine over a longer period. The main differences 
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between the theories lie in the proposed mechanisms, 
which combine two previously unconnected contents.  

 

Fig. 1: Definition of creativity 

Figure 1 outlines the result of the study (Quiñones, 
2018) of several different creative and design processes. 
The final outcome shows the two most typical parts which 
appear as summaries in the definitions by Mayer (1999) 
and Runco & Jaeger (2012). A fuller, more coherent and 
current perspective of creativity is outlined, thus enabling 
us to comprehend its impact on how the creative process 
is perceived and constructed. 

The creative process has been described by Boden in 
1994 as "the exploration and transformation of conceptual 
spaces". A conceptual space is a knowledge network, 
where knowledge groups are connected to each other by 
associations (Gabora, 2000). The creative process 
involves the formation of new knowledge structures 
which already exist but are unrelated (Vaid et al., 1997). 
The exploration of conceptual space is related to the 
exploration of knowledge groups. This exploration is 
initiated by some stimulus (e.g. visual, auditory, etc.), 
either consciously or subconsciously perceived, which 
activates one or more knowledge groups in the conceptual 
space (Santanen et al., 2002). When a knowledge group is 
activated, it simultaneously activates other related 
knowledge groups, and so the exploration process 
continues. The activation of knowledge groups deviates 
as the distance from the originally activated knowledge 
group increases (Gabora, 2000). The process of 
transformation, or formation of new structures, takes 
place when two or more previously unrelated groups of 
knowledge give rise to a potential solution applicable to a 
new domain (Gabora, 2000; Santanen et al., 2002). 
Transformation leads to the formation of a new 
association, a new combination, and the construction of a 
new knowledge structure, namely: a new idea. 	

Some researchers (Osborn, 1979; Chakrabarti and 
Bligh, 1994; Candy, 1996; Cross, 1996; Shah et al., 2003; 
Chakrabarti, 2006) argued that generating many ideas 
would increase the possibilities of producing better ideas 
(diverge). The idea-generating process is understood as a 
divergent process. 

 

Fig. 2: Diverge & converge: double diamond model  

Designers tend to use a wide range of information in 
the early phase in order to decrease abstraction by means 
of a growing number of conditioning factors (Bouchard et 
al., 2008; Bonnardel & Marmèche, 2005). They include a 
large quantity of information to be subsequently 
categorized and synthesized (converge) under design 
solutions (Bouchard et al., 2008). Generally, a double 
diamond model represents this process (Fig. 2). For the 
process to be successful, convergence is crucial. 
Therefore, the cognitive activity of the designer is like 
data or information processing in this respect. For this 
reason, a computational tool for data analysis (which 
includes all available data) helps ensure that all possible 
solutions can be considered quickly and reliably, as well 
as enabling the formation of new knowledge structures, 
i.e. new ideas. Kurtoglu et al. (2009) states that the 
increment of solution principles and components in their 
knowledge base improves the degree of variety and 
novelty, where the knowledge base as a computational 
tool was used to generate conceptual design solutions. 
The use of data will allow us to deepen the spaces of 
knowledge to improve the creative process, through a 
process based on big data: it means society's ability of 
making innovative use of information either to obtain 
useful information or goods and to provide meaningful 
services. (Mayer-Schönberger, Cukier & Iriarte, 2013). In 
addition, AI data management allows us to collect and 
process large amounts of data, “obtain better results and 
make faster decisions in a more systemic and organised 
manner” (Solares, 2017).  

Data science has matured considerably in recent years 
(Cao, 2017) and big data is now being used in a number 
of areas (healthcare, agriculture, education, industry, 
finance, security, marketing, etc. except for design). Data 
and the information it provides are used for predicting 
potential scenarios, through techniques of predictive 
analysis based primarily on statistical methods, using 
large samples of data representing most, if not all, of the 
population (Gandomi & Haider, 2015). Designers' 
contribution is not yet fully determined and whether there 
is a positive translation of technologies of such magnitude 
into valuable products and services (Yuan et al., 2018). 
Therefore, the current research leads us to the point in 
which data appears as a new chance for creativity as a 
resource for designers.  
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Empirical analysis indicates how exposing individuals 
to more information inspires creativity (Casakin & 
Goldschmidt, 1999; Goel, 1997). Data can reveal 
information, which is highly valuable to designers, 
improving results, as well as optimising time and 
resources in the design process. Prendiville et al. (2017) 
state that design drives data through processes of 
interpretation, visualization, and persuasion into 
converting both the abstract and intangible nature of data 
into human-centered services with social and economic 
value. “Data should become the new steel” (Semmelhack, 
2013), a resource on which to build, to “make products 
and services better and updated, altering the traditional 
lifecycles to more of an ongoing flow, a kind of living 
relationship” (Biron, et al, 2016). Deeper exploration of 
the problematic space will lead individuals into 
generating ideas of high novelty and quality, enabling 
further development of those with the greatest potential. 
Therefore, the long-term objective is to provide designers 
with an updated model that contemplates technological 
advances and helps them generate better ideas by 
stimulating their thinking process. 

METHOD AND DATA 

The structure of the research was carried out following 
the recommendations of vom Brocke et al. (2009). Thus, 
for the determination and identification of studies relevant 
to the present analysis, a four-step process has been 
followed. First, a keyword search was conducted using 
five publishing databases (CiteSeerX, ACM, AISeL, 
EBSCOhost and Emerald Insight) in addition to Scopus 
and Google Scholar. The aim of this bibliographic review 
was to identify common aspects and to obtain a current 
and revised definition of the term creativity (see Fig. 1). 
The terms "creative process", "big data" and "design 
methodology" were also included.   

In the second step, it was necessary to carry out a 
manual search in the main related journals. The objective 
is to include highly relevant studies, as well as obtaining 
more specific contexts on the term's creativity and 
creative process, given their generic nature. Thirdly, 
research was carried out in the reference sections of 
studies of interest. Each paper, abstract and keyword that 
appeared in the first 100 search results was carefully 
examined on an individual basis. It was thus discovered 
that in most cases the notion of creativity is closely linked 
to concepts such as innovation, novelty and originality. 
Conversely, big data is more related to cutting-edge 
technology results along the lines of AI (Artificial 
Intelligence), IoT (Internet of Things) or ML (Machine 
Learning) along with terminology such as computational 
creativity, which appears much less in search results. 
Therefore, when specific keywords related to our initial 
concepts were assigned, the scenarios with a greater or 
lesser degree of creative process were seen, in terms of 
determination and evolution, as a main object of research. 

A backward and forward search was used for the result 
search and Webster and Watson's (2001) guidelines were 
followed. The majority of publications deemed most 
relevant are those which mention creative processes, i.e. 
creativity, large data or design methodology as well as 
associated keywords, in the title, abstract or keyword. 
This analysis has identified an excess of 100 distinct 
creative and design processes. Moreover, major 
comparisons of roughly half of them are clearly shown in 
the studies of this paper and they have been selected for 
their great effect on research or resulting from the 
relevance of the author. Following the guidelines of Vom 
Brocke et al. (2009), the literary review is the basis for 
carrying out additional research. The fourth part includes 
large data, and literature concerning design 
methodologies from nowadays and the recent past. 

RESULTS 

The creative and design processes will portray 
different realities. On the basis of preliminary work and 
existing literature, it is adopted the following statement 
(Quiñones, 2018): (1) Creative process: a cognitive 
process resulting in the formulation of an idea. (2) Design 
process: a work process resulting in a proposal for a 
product or process. Furthermore, the results of this 
research revealed that novelty and variety are directly 
related to the levels of abstraction of new conceptual 
spaces as a consequence of the integration of big data into 
the creative process (Fig. 3). It infers that there is a greater 
possibility of designing an innovating concept. This 
conclusion becomes especially important when it is 
observed that designers do not use an adequate number of 
rules and mechanisms in design; which can make them 
lose a meaningful degree of novelty. Such an approach 
requires the need to support designers with knowledge of 
rules and impacts on design. 

 

	

Fig. 3: Creative process and design process integration with Big 
Data 

There are obvious similarities in both the creative and 
design processes, according to the research carried out 
these can be embodied in: problem definition, idea 
generation and idea evaluation (Fig. 4). The problem 
definition phase is present in all creative process models. 
After this, we concentrate on the fundamental elements 
that have the greatest relevance for creative process 
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development in the future. As a result, we get a broad 
understanding of the early phases of the creative process. 
Before idea generation for problem solving is possible, it 
is first essential to fully comprehend the problem itself, 
and understand the parts of the ideal solution (Wallas, 
1926). Delving further into a precise area of knowledge is 
needed to achieve it (Amabile, 1983). 

In the design practice, big data integration, as shown 
in Fig. 4, will become a more frequent activity, which will 
transform the way we design. This brings us to the critical 
point where data emerges as a new medium for creativity. 
In spite of that, very few results have shown relation 
between creativity and the use of big data. Existing 
research into the effects of using examples in design 
processes has not been conclusive, leading in some cases 
to the design fixation effect due to the presence of related 
examples (Chrysikou & Weisberg, 2005; Jansson & 
Smith, 1991). However, some more conclusive studies 
have shown how the existence of examples is a source of 
inspiration in the processes of generating design ideas 
(Helms, Vattam and Goel, 2009). Whether exposure to a 
large amount of data is useful or not is difficult to judge 

by the coexistence of the positive and negative effects of 
the examples. In this regard, it is important to note that 
there is still no current model that can explain how and 
why data can affect design processes. Therefore, the study 
presented acquires greater relevance at this point. 
Understanding the impact of data on design processes 
leads to an effective use of them to drive innovation and 
creativity across of design practice. In addition, the 
analysis of external information generated by users will 
enrich our understanding to reach better solutions to 
certain problems and, therefore, improve people's quality 
of life through new designs.  

The use of data was also closely illustrated by the 
study conducted by Na Sio and Kenneth Kotovsky (2015), 
which shows that there is evidence that data stimulate 
creativity in the early stages of the design process (it 
consisted of giving examples related to the aim of the 
research), allowing individuals to further explore the 
design problem. Speed and Oberlander (2016) have 
recently presented a theoretical framework for 
distinguishing "designing from, with and by data" to 
categorize existing data approaches. 

Fig. 4: Big Data and creative process and design process framework 

Even taking into account the absence of relevant studies 
relating creativity and big data, the results suggest that this 
crossroad will create a new scenario where big data will 
be a tool to stimulate creativity, enhancing the creative 
process. Consequently, it was established that there might 
be five areas where big data can be effectively applied in 
the creative process. First, during the phase of searching 
for inspiration and ideas, in order to obtain more classified 
information as well as understand better the contents, and 
facilitate the creative process in the initial stage. 
Secondly, by offering innovative and creative solutions 
allowing the process to feed back into itself constantly 
with those solutions and results which evolve through the 
DDDM (Fig. 5) to be attained, and enables better and 

easier change of the alternatives selected to work with. 
Third, this crossroad between creativity and science 
provides the creative class with a greater intelligent 
experience to evaluate which creative outcomes are most 
effective with the greatest degree of innovation. Fourth, 
data brings its qualities, volume, velocity and variety to 
the creative process, by offering advances in agile design 
and simplifying the design process. Finally, bearing in 
mind that the creative process is the basis for the 
development of new solutions, it can be adopted in 
multidisciplinary sectors in order to reach innovative 
results. Data analysis used in the creative process provides 
a gateway to action, supporting strategic and operational 
decisions. In addition, it should be noted that the 
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development of creative processes, tools and 
methodologies as well as their use by designers need to be 
considered a key value for leading innovation and 
improving business competitiveness. 	

This research is focused on the more specific DDDM 
model proposed by Quiñones (2017) supported on the 
double diamond model (The Design Process: What is the 
Double Diamond?, 2015), with the objective of presenting 
a more accurate approach. On this DDDM, two different 
classes of data can be present in the design process: (1) 
Concrete data, based on the procedure of pre-existing data 
sets; (2) Abstract data, that is existing information 
processed in other ways with predictive analytics to 
predict situations and gain deeper insight into the data. 
While abstract data may be used to generate new 
perspectives and concepts, concrete data can support or 
define design. Relying on this analysis, it is assumed that 

while big data sets may improve design, design can offer 
further comprehension of data. The hypothesis which 
underlies this study lies in this statement. In the initial 
phase, DDDM makes it possible to go into much further 
detail, thanks to big data in an infinite number of existing 
knowledge groups. Consequently, this favours the 
creation of new knowledge matrices. However, as 
Restrepo (2004) identified in his empirical research, 
frequently happens that designers completely ignore other 
external sources of information when developing their 
ideas. Thus, the abundance of data provides designers 
freedom to study other knowledge structures and 
perspectives or analyses as they focus on certain aspects 
of the process without ignoring the main standpoint, 
facing the design fixation problem; which has a negative 
impact on the initial phase due to dependence on the use 
of familiar methods. 

 

Fig. 5: Data-driven design model process 

 

DISCUSSION AND CONCLUSIONS 

The DDDM is intended to enable a more efficient 
design process as well as a way of understanding the 
influence of data. These new procedures show the need 
for advanced models as opposed to traditional ones. 
Traditional processes can be very suitable for 

"traditional" products, which are often the majority. 
However, the most innovative and ambitious projects 
tend to rely more on unknown technologies and address 
increasingly risky markets (Ulrich and Eppinger, 2012). 
Therefore, these new projects face difficulties and new 
challenges that require more efficient tools to make the 
process more "adaptive", "accelerated" and "agile" 
(Cooper, 2014), thus allowing companies to be more 
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competitive. The most important contributions of the 
DDDM are highlighted below: 

• Makes it possible to focus on the user's real 
behaviour regarding the product. 

• Through the data input in the model, it is possible 
to understand exactly what is happening in the 
real situation without affecting the user's 
experience. 

• It can predict needs and future behaviour, helping 
identify future scenarios or support a product 
development. 

• Data emerges as a new medium and an instrument 
for creativity.  

• Makes the process clearer, since the data used in 
the process are real data.  

• The iteration of the model makes it possible to 
establish priorities and give order to ideas to be 
developed. Keeping the development process 
dynamic and adaptable.  

Regarding to traditional processes, the integration of 
big data implies an advance with a holistic approach for 
the creative process and the development of the 
designer's profession, by learning more about other 
disciplines procedures (Rogers, 2013). As well as data 
best practices, know-how, tools, methods, etc. as a 
growing area as data science (Cao, 2017), data should not 
stay a domain merely for experts. Despite data’s growing 
prevalence, the key role of creativity cannot be 
understated, and its focus should be on strengthening 
design. 

The long-term research goal is to provide designers 
with computer assistance to help them generate more 
ideas by stimulating their thinking process. To verify the 
contribution of the model presented, it will be necessary 
to carry out research moving in several directions. A first 
step is to involve research professionals in design and 
design practice to ensure the proposed approach and 
validate the influence of data on the creative process. 
This paper's findings could be tested in real-life setting 
with additional work, involving multiple entities 
collaborating as in IdeaSquare with multiple teams of 
CBI students, integrating the data-driven design model 
integrated into their learning process. Experiments will 
also be carried out in collaboration with companies 
related to the production of connected products and/or 
devices, in order to test their influence not only from the 
point of view of new product development but also as a 
growth tool for companies.  
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