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Chapter 15 — How to Support Real-time Quantitative Big Data by More Future-Orientated
Qualitative Data for Understanding Everyday Innovative Businesses

Teppo Heimo, Sara Tilabi, and Josu Takala
University of Vaasa

15.1 Introduction

In today’s world, we are generating data more than ever, i.e., data from social media, GPS signals,
transaction records, digital images, scanners, sensors, etc. Innovation has played a significant role
in producing all this data and it will play a dominant role in managing it. Big Data is an incentive
factor for innovation. In more detail, when the size of the data becomes bigger than a certain limit,
innovation process starts in order to store, organize, analyze, share, and use it in a meaningful way
(Gobble, 2013). Not only Big Data is considered as a frontier for innovation, but also it promotes
productivity and stimulates the competition considering its potential to create new business
opportunities and revenues. It is estimated that Big Data would improve more than half of existing
business and further billions of dollars of new business in the coming decades (Manyika, Chui,
Brown, Bughin, Dobbs, Roxburgh, & Byers, 2011). For example, Alyass, Turcotte, and Meyre (2015)
studied how Big Data supports personalized medicine, and Dasgupta (2013) investigated the role of
Big Data in helping farmers to adopt climate changes or to identify issues with a racing car in Formula
1 com- petition. Besides, there are studies showing how Big Data could be monetized by
implementing the right choice of business strategy (Najjar & Kettinger, 2013). To sum up, Big Data
causes a revolution in the way we live, work, and think (Mayer- Schonberger & Cukier, 2013). We
observed this transformation within the past few years through the successful implementation of

technological innovations like Uber and WeChat (Yang, Huang, Li, Liu, & Hu, 2017).

As the application of Big Data is increasing, innovators are raising the questions associated with the
challenges of Big Data to offer better quality services and products or to decrease the cost. As data
is a great source of innovation, existing business is leveraging it to simplify the process, increasing
efficiencies and to improve customer services. But innovation itself is a data-intensive activity, and
organization, which considers it serious, produces a lot of data from ideas to lab test and
documentation which could be analyzed and taken into account in further step of innovation
process. In this regard, data generally and Big Data specifically have a major impact on driving and
reshaping innovation process (Gobble, 2013). The prominent tool for the use of Big Data in

companies is the Balanced Scorecard (BSC) (Vanani & Kheiri, 2018).
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This research focuses on decision-making process regarding innovation and ultimately could
facilitate innovation strategy. The results of this research show how the analytical model can
guantitatively evaluate the state of companies’ innovation strategy by using data derived from the
company. Regarding the importance of data and its role in stimulating and reshaping innovation
process, the results of this research work could have a significant practical implementation toward
innovation strategy. The rest of this chapter is organized as follows: first theoretical background and
research gap are presented. Then, the method section comes, and afterward empirical part is

presented. And the final part is discussion and conclusion.

15.2 Theoretical Background

15.2.1 Innovation

Although the definition of innovation varies slightly in different existing scientific literature, there is
agreement about its aim: creating tangible value by implementing sustainable solution to fulfill
customer needs (Dziallas & Blind, 2019; Racherla, Huang, & Liu, 2016). The decision about
innovation strategy is among the most fundamental strategic decision for every firm because of its
inevitable role in helping the company to enter new markets, increase its share in the existing
market, and sustain its competitive advantage (Gunday, Ulusoy, Kilic, & Alpkan, 2011). This
emphasis on innovation is due to intensifying the competition in both the global and domestic
markets generated by rapid changes in technology (Bower & Christensen, 1995). Market studies
show that a company that innovates more is more capable to sustain its competitive position in
global market (Cegarra-Navarro, Reverte, Gomez-Melero, & Wensley, 2016). Therefore, innovation
constitutes a inseparable part of firm business strategies. There are different reasons behind that,
for example, the need to offer new products or improved ones, the need to improve efficiencies
and productivity, and the need to perform better in some critical market (Karlsson & Tavassoli,
2016). Innovation process could be classified into three different segments: front-end innovation
(FEl), i.e., first and most important phase of innovation before the development and the
commercialization process takes place, new product development (NPD) where the actual
development of the innovation happens, and commercialization stage (Cegarra-Navarro et al., 2016;

Mohan, Voss, & Jiménez, 2017).

Innovation strategy could be categorized into two main classes: open and closed innovation

processes. Closed innovation is related to those companies that are mostly internally focused
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(Chesbrough, 2003a). In other words, in closed innovation model, company uses its own internal
process in research and development (R&D) process (Chesbrough, 2003b). On the other hand, in
open innovation (Ol) model, the inflows and outflows of traditional closed innovation process
change. This results in two different innovation models: inside-out and outside- in innovation
models or inbound and outbound models, respectively (Bogers, Chesbrough, & Moedas, 2018). In
outside-in Ol strategy, company chooses to integrate external knowledge into its internal innovation
process by different means like supplier integration or customer involvement (Ahn, Ju, Moon,
Minshall, Probert, Sohn, & Mortara, 2016). Implementing inside-out innovation model helps the
company to compensate its lack in internal resources and capabilities. On the other hand, in the
inside-out model, company implements process to allow other companies to use its ideas and
innovations in their business strategy and core operations (Gassmann & Enkel, 2004). There is
another Ol model which is coupled Ol strategy in which the process of innovation from exploration,
creation, and commercialization is done in cooperation with one or several external collaborators.

In fact, this model is the integration of outside-in and inside-out models (Cheng & Huizingh, 2014).

15.3 Research Gap

Innovation strategy could be considered based on company’s resources and capabilities. Since
resources of the firm are valuable, rare, inimitable, and substitutable (VRIN), they are the target of
in-sourcing and out-licensing in corporate-level strategic issues, e.g., mergers and acquisitions
(M&A) and joint ventures. This pro- vides an opportunity for firms to apply external knowledge
which is embedded in their overall strategy (Brem, Nylund, & Hitchen, 2017). Studies show that
technologically motivated M&As encourages innovation in general. In detail, innovation efficiency
increases where the technologies are complementary between the merged entities while it
decreases in case of substitution of technologies (Colombo & Garrone, 2006). This shows that Ol
strategy, i.e., using external source of knowledge for innovation is in line with M&As and supports
innovation process ultimately (Brem et al., 2017). Previous studies investigate the Ol impact from
various perspectives, i.e., in terms of new units of analysis, small and medium enterprises (SMEs),
non-profit organizations (NGOs), and different companies in low- and high-tech industry sector
(Bogers et al., 2018). However, there is a need for studies that investigate the subject quantitatively.
Therefore, this study is an attempt toward quantitative modeling of innovation process considering

sustainable competitive advantages and tries to answer the following research questions:
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1. How can Big Data help companies to maintain their competitive advantage in today’s
turbulence business environment?

2. What are the strengths that Big Data brings to the discourse on innovation analytics?

3. Can the state of innovation be quantitatively analyzed using data extracted from the

company?

15.4 Method

15.4.1 Analytical Hierarchy Process

“The Analytic Hierarchy Process (AHP) method is a multi-attribute decision instrument that allows
considering quantitative, qualitative measures and making tradeoffs” (Wind & Saaty, 1980; Pecchia,

Bath, Pendleton, & Bracale, 2011).

This method is based on pairwise comparison and is conducted in two stages: first respondents are
given two different criteria regarding the object and they should choose which of them is more
important. In the second step, the respondents should weight the chosen criterion from 1 to 9. If
the respondents choose one, it means both criteria are equal. The questionnaire for this study
consisted of six pairwise questions of the four different main attributes. The main attributes are

shown in Figure 15.1.
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Figure 15.1. Pairwise comparison of the main criteria. (Own research based on Heimo, 2019.)

When calculating the AHP, inconsistency ratio (ICR) should be taken into con- sideration. ICR shows
how logically respondents answered the questionnaire. As an example, if respondents answered
A>B and B>C, then this statement should be A>C. If the respondents answered C>A, then its answer

is not inconsistent. The ICR < 0.3 is acceptable in most of the studies, but ICR < 0.1 is preferred.
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15.4.2 Innovation Strategy Index

Derived from manufacture strategy index (MSI), we define innovation strategy index (ISI). MSl is
calculated by assigning the attribute in AHP questionnaire as a component of RAL model, i.e.,
guality, time, cost, and flexibility and transfers the results to Miles and Snow business strategy type
(Daft, Murphy, & Willmott, 2010), i.e., prospector, analyzer, defender, and reactor. RAL is the
abbreviation of Responsiveness, Agility, and Leanness and connects quality, time, cost, and
flexibility as the main factors, which connects business performance to Miles and Snow typology.
Once the share of quality, cost, flexibility, and time is calculated, the next step is to normalize the
values. After normalization, a specific formula is used to calculate MSI indices (Ranta & Takala,

2007). We follow the same steps to calculate ISI (Figure 15.2).

Quality T

Time Agility (A) Cost D A K
Figure 15.2. The demonstration RAL model, MSI, and ISI triangles. (Own research based on Ranta & Takala,

2007; Heimo, 2019.)

In order to calculate ISI, we use the information obtained from AHP questionnaire comparing
technology (T), knowledge (K), development (D), and co-operation (C) factor. The ISI could be
presented in the following equation:

ISI = f;5,(T,K,D, C) (1)

The next step is to normalize the component using the following formulas:

, T

T " T+K+D (2)

K'=— (3)
T+K+D
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Do D @

e C (5)
T+K+D+C

Having normalized the component IS| are calculated as follow:

mo = p~1— (1 - T%%) (1= 0.9 x D%)(1 — 0.9 X K%) X C%s3 (6)
Oul = y~1—1(1 - C%) x [ABS[(0.95 x D% — 0.285) X (0.95 X K% — 0.285)]]3 7
€l = 0~1— (1 - K%3) (1 — 09 x D%)(1 — 0.9 X T%)C%: ©
Co = %(Inside — out + closed innovation) 9

In the equations above the InO stands for inside-out, Oul for outside-in, C/ for closed innovation

strategy, and CO for coupled strategy in innovation strategy.

15.4.3 Weak Market Test

Here, the weak market test (WMT) is used to validate the results of the study since it is the first
attempt to quantitatively model the innovation strategy of the case companies with this model.
Conducting WMT means to show the results of the study to a responsible person in the company

and ask his/her opinion about the constructed model and obtained results.

15.5 Empirical Research

This research was done using AHP method to gather data, which was at later stage converted to
information by ISI method. The research attributes for the AHP method was determined based on
the four most important main criteria in terms of closed innovation and Ol. The initial research of
Ol was used as a theoretical frame- work for this study. Furthermore, the method for ISI follows the

method developed by Takala, Shylina, Forss, and Malmi (2013) for operations strategy environment,
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which has been validated and verified to work in several studies (Liu & Takala, 2009). In this study,
the WMT was performed in a form of interviews with the case companies and used to validate the

results obtained with the methods and models described earlier.

15.6 Sample and Analysis

The research consisted of two case companies operating in biotechnology and in vitro diagnostics
(IVD) industries. The companies were SMEs and large multinational enterprise (LMNE), which has a
subsidiary doing sales and marketing, R&D, and production operations in Finland. The answers were

collected from individuals operating in the top management of these companies.

15.6.1 Case Company 1

Based on the ISI model, the past timeframe innovation strategy type of the case company 1 (CC1)
were closed innovation and outside-in Ol strategy type in the future timeframe as the individual
values for different innovation types were highest in these strategy types and significantly above
the average (AVG) values of other innovation strategies (Table 15.1). The order of the innovation
strategy types for the past timeframe was closed innovation>coupled>inside-out>outside-in, and

outside-in > inside-out > coupled > closed innovation for the future timeframe, respectively.

Table 15.1. Innovation Strategy Type of the Case Companies 1 and 2.

Case Company 1 Case Company 2
Past Future Past Future
Inside-out 0.9293 0.0301 0.9411 0.9592
Outside-in 0.8473 0.9564 0.9010 0.8923
Closed Innovation | 0.9612 0.8955 0.9159 0.9324
Coupled 0.9453 0.9128 0.9285 0.9458
AVG 0.9208 0.9237 0.9216 0.9324
SD 0.0507 0.0260 0.0172 0.0289
CV-% 5.50 % 2.81% 1.86 % 3.10%
Area 1.0804 1.1167 1.0978 1.1182
ICR 0.031 0.004 0.156 0.111
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The standard deviation (SD) of the innovation strategy types was above 0.015, which were the
predetermined threshold used in this study, and implies that there is sufficient variation between
different innovation strategy types in the past time- frame. The coefficient of variation (CV-%) of
5.50% further supports this fact. In the future timeframe, the SD of the innovation strategy types
was also significantly above 0.015, which also supports that there was sufficient variation between
the innovation strategy types in the future timeframe as well. The CV-% in the case of the future
timeframe was 2.81%, which is lower compared to the past timeframe but still elevated to point out
that there is one innovation strategy type that protrudes from the other innovation strategy types.
The ISI model results correlated with the priority weight results in both time- frames in the case of
CC1. In the past timeframe, the highest values of the ISI and the priority weight models were the
closed innovation strategy, and in the future timeframe, the highest values were in the outside-in
Ol strategy (Figure 15.3). The order of the innovation strategy models was the same in the ISl and
priority weight models at both the past and the future timeframe. The total innovation potential
based on the triangle area in the past timeframe was 1.0804 and 1.1167 in the future timeframe,
respectively. From the AA, it is possible to determine that the total innovation potential is estimated
to grow 3.35% from the past innovation experience to the future innovation expectation. In the
following figures, the | represents inside-out Ol strategy, the O represents outside-in Ol strategy,

and the Ci represents the closed innovation strategy.

A) ! B) !

G —0 G 0
=~P-IS| -=P-Priority weigth =-F-ISI -=F-Priority weight

Figure 15.3. Innovation strategy index and priority weight comparison in CC1. RAL model (a) in the past

timeframe and (b) in the future timeframe. (Own research.)
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According to the WMT, the empirical experience of the company’s innovation strategy for the past
timeframe has been closed innovation strategy supported by the fact that the innovation resources
within the company have been largely assigned to its own R&D. Accordingly, the expectations for
the future timeframe innovation strategy type of the company are outside-in Ol strategy because
of their ambition to seek in-organic growth from external technologies and innovations (Figure
15.4a). The company also incorporates inside-out innovation type in the past and the future
timeframe as well. However, this innovation strategy type is not considered as important as the
closed innovation strategy in the past timeframe nor the outside-in Ol strategy in the future
timeframe. Based on the WMT, the experience of the past and the expectations of the future are

well in line with the past and the future timeframe ISI model results.

A 1o B) o0 .

~P-ISI
-=F-|S|

-+P-1SI
-=-F-|S|

Ci 0] Gi O
Figure 15.4. Innovation strategy index models. Past and the future timeframe innovation strategies in RAL

model of (a) CC1 and (b) CC2. (Own research.)

15.6.2 Case Company 2

The innovation strategy type based on the ISI model in the past timeframe was inside-out Ol strategy
determined by the individual values of the different strategy types. The ISI value for inside-out Ol
strategy was moderately above the AVG value of other innovation strategy types. Based on the
values determined for the future timeframe, the innovation strategy type was inside-out Ol
strategy, respectively. The values for this strategy type were the highest and sufficiently above the
AVG value of the other innovation strategy type values as well (Table 15.1). The order of the
different innovation strategy types based on their individual values in the case of CC2 was entirely

different compared to the CC1. In the CC2, the order of the innovation strategy types in the past
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timeframe was inside-out>coupled>closed innovation>outside-in, and for the future timeframe

inside-out>coupled>closed innovation > outside-in, respectively.

The value for coupled Ol strategy type appeared to be relatively high as well in the past timeframe
scenario. The SD of all the innovation strategy value of 0.0172, which is marginally above the
predetermined threshold used in this study, indicates that there is some variation between the
innovation strategy types in the past timeframe. However, the CV-% of 1.86% supports the coupled
Ol strategy as it implies that the dispersion around the innovation strategy values is low.
Correspondingly, in the future timeframe, the SD for the innovation strategy types was 0.0289,
which is higher compared to the past timeframe scenario and significantly above the predetermined
threshold of 0.015. This supports the higher variation between the innovation strategy types in
comparison with the other Ol strategy types obtained from the past timeframe. Furthermore, the
CV-% in the future timeframe was 3.10%, which was also higher in comparison with the past
timeframe scenario and, therefore, supports the inside-out Ol strategy type for the future

timeframe even further.

In the past timeframe, the ISI model results correlated moderately with priority weight values but
did not correlate in the future timeframe (Figure 15.5). In the past timeframe, the highest value in
the innovation strategy was in the inside-out Ol strategy in both the ISI and the priority weight
model. Correspondingly, in the future timeframe, the highest value of the innovation strategy types
was in the inside-out Ol strategy in the ISI model and outside-in Ol strategy in the priority weight
model respectively. According to the triangle area, the total innovation potential was 1.0978 in the
past timeframe and 1.1182 in the future timeframe, respectively. As a result, the innovation
potential is expected to grow 1.19% from the past innovation experience to the future innovation

expectations.
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-+-P-IS| -*P-Priority weight ~*-F-IS| -*F-Priority weight

Figure 15.5. Innovation strategy index and priority weight comparison in CC2. RAL model (a) in the past

timeframe and (b) in the future timeframe. (Own research.)

Based on the WMT, the empirical experience of the company’s innovation strategy has been
controversial. Majority of the answers obtained through interviews demonstrate the coupled
innovation strategy in both the past and the future time- frame scenarios (Figure 15.4b).
Nonetheless, both closed innovation and inside-out Ol strategies were mentioned as well. The
logical explanation for the coupled Ol strategy is that the three inside-out, outside-in, and coupled
Ol strategies are all in place at the CC2. According to the company, its strategy includes acquiring
other companies and external technologies. To conduct this, they have dedicated business
development department and established channels to seek potential targets. The company also
uses crowdsourcing to support their idea gathering process along with strategic co-operations and
alliances with SMEs. In the past, they have also sold part of their operations which they see that do
not fit into their future vision of the business. On the other hand, the company has a separate model
of funding for the ideas that do not currently fit under any existing business development projects.
Because the CC2 operates on a relatively wide area of innovation environment, it is harder to
determine the effective innovation strategy for the company using the ISI model. Anyway, according
to the WMT results obtained by interviewing the person in top management of the Finnish
subsidiary, the ISI model and the pattern of both the past and the future RAL model figures cannot
be ignored either (Figure 15.4b). Based on this, it can be determined that the past experience and
the future expectations of the company are in line with the innovation strategy derived from the

past and the future timeframe ISI models.
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15.7 Discussion

In this chapter, we demonstrated that the ISI model derived from MSI can be used for assessment
of companies’ innovation strategy, as both timeframe ISI models correlated in both case companies
with the WMT obtained by interviewing the top management. However, the ICR has a significant
impact on the reliability of the results. Although in this research the predetermined baseline of the
ICR was set to 0.30, it was observed with the MSI model that the results were more credible when
the ICR was below 0.1. This can be especially confirmed by the case of CC2, where the ICR was 0.156
in the past timeframe and 0.111 in the future timeframe, respectively. Based on the results, the
outside-in and coupled Ol strategy plays an important role in the case of companies’ future
scenarios, which has also been recognized in other studies concerning Ol (Lichtenthaler, Hoegl &
Muethel, 2011). According to Lichtenthaler et al. (2011), the inside-out Ol strategy is very often
impeded by “not-sold-here” syndrome by the companies, and therefore, the outside-in and coupled
Ol is favored. Although in knowledge-intensive industries, there is a demand for both in-licensing
and out-licensing business models, the inside-out Ol strategy still plays a minor role compared to

the outside-in Ol strategy (Gassmann & Enkel, 2004).

The limitation of the AHP method is, however, that has been experienced to be too laborious and
cumbersome due to the ICR, which needs to be taken into account. In order to harness it in
companies, it needs to be connected to the enterprise resource planning (ERP) systems or financial
reporting system, e.g., income statement or balance sheet. This integration would deploy the Big
Data of the company and provide the raw information to be used in the analytics of the company’s
innovation status. Only then the information generated with this model could also be used as part
of BSCs in a companies’ innovation management (Campos, Sharma, Jantunen, Baglee & Fumagalli,
2017). However, this integration needs to be implemented individually into separate companies, as
the cost centers in the income statement vary significantly between different industries and

business entities.

15.8 Conclusion

According to the results, the ISI model correlated with the past and future innovation strategy status
and projections of the case companies (RQ3). Therefore, the proposed model will help companies
to maintain their competitive advantage in global turbulent business environment (RQ1). However,

the analysis of coupled Ol strategy is problematic due to its nature, which includes both types of
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outside-in and inside-out Ol strategies. Therefore, the determination of coupled Ol strategy includes
other factors as well in addition to the ISI values derived from the AHP questionnaire, such as the
shape of the triangle which is influenced by the AVG values of all the innovation strategy values, SD,
and CV-%. However, lower ICR increases the reliability of the ISl values significantly in the case of
coupled Ol strategy as well. The ICR values were below 0.30 in all cases of the case companies. This
concludes that the answers derived from this study are reliable and support that the results can be

used in the decision-making process (Takala et al., 2013).

The AA of the past experience to the future expectation gives valid information about the
development of the total innovation potential of the company. However, the deeper function of

this parameter was left out of scope of this study.

Although the AHP part of the method was experienced laborious to use when considering ICR, the
value of the model in terms of managerial implications comes from the quantitative analysis of the
current and future innovation strategy of the companies (RQ2). Despite this, in the future research,
the proposed model should be validated and verified with other industries as well and not only with
knowledge-intensive biotechnology and IVD industries. Additionally, more thorough connection to
BSC should be investigated either through integration of the financial statements or ERP system of

the company.
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