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Abstract

This study examines the interdependence of relattistnategies and data management
policies of SMEs during product innovation. The gypf data management developed by a
small firm to support its innovation efforts recsrit to engage in competitive, vertical
cooperative or coopetitive relationships. An engairistudy of 109 leaders of French high-tech
SMEs provides a descriptive and explanatory aralgbithis question. This empirical study
combines three theoretical dimensions: the chamatits of a Big Data policy, of an innovation
product and of a relational strategy. We enrich éxésting knowledge concerning the
exploitation of data by SMEs by presenting a tygglof their data strategies. We also find that
Big data and Smart data policies are deployed biStd support product innovation. Finally,
we show that SMEs implement data management ingiliyl to support radical product
innovation but will collaborate to support incrertedmproduct innovation. The nature of the
data innovation guides the relational context oé tSME. This study deepens the

interdependence of data management and relativatégies among SMESs.
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1. Introduction

Big Data is presented as one of the main driversirmdvation in small and medium-
sized enterprises (SMEs) (Johngsral, 2017; Seret al, 2016). Defined by consulting firm
Gartner (Laney, 2001) as a high-velocity operatbmunprecedented volume and variety of
data (the “3Vs” model), Big Data allows small biesses to improve their understanding of the
market in order to be more effective in creatingransforming their products (Donneby al,
2015; Sorokeet al, 2017). Big Data increases the firm’s ability ieet the needs of its
customers by capturing transactional or behaviodeth that were previously inaccessible
(Vajjhala and Ramollari, 2016; Xiet al, 2016). The transformation of Big Data into
information and then organizational knowledge Imasgotential to stimulate both incremental
and radical product innovation (Erevelktsal, 2016; Seret al, 2016; Zharet al, 2017). As
a result, many SMEs are investing in this technplimggain competitive advantage based on
innovation (Donnellyet al, 2015; Goes, 2014). Information and communicateminologies
(ICT) influence the innovation output (Hadt al, 2013). Thus, Manyikat al. (2011) even
present Big Data as the main support for innovadiath competition.

Nevertheless, the potential offered by Big Datancarcome from the organizational
tools and computing devices used until recentlglassical information systems (McAfe¢
al.,, 2012). The deployment of such a data policy iregu on the one hand, significant
investments in resources (Capetoal, 2019), which can be a significant obstacle fdiES
(Donnelly et al, 2015); and, on the other, the facilitation of gyen information system to
collect and process, in real time, the multipleadhtat are needed for large-scale analysis (Chen
et al, 2015). As a result, Big Data is leading some Shicollaborate so that they can access
the sources, data and analytical capabilitieswiibsupport their innovation efforts (Sext al,
2016; Zeng and Glaister, 2018). New digital tecbgas are increasing the horizontal and

vertical flows of intelligence inside and outsidenpanies (Barlatier, 2016). This finding led



Guntheret al.(2017) to affirm that Big Data is currently theimdriver of innovation support,
assisted by the emergence of new cooperative densys

Researchers and managers have noted the needaoureterstand the impact of Big
Data on product innovation but many questions ramagarding the relational strategies that
companies are developing in order to innovate ta-tdah environments (Johnsehal.,, 2017;
Shamimet al, 2018; Xieet al, 2016). In this paper, we ask the following gigstin the
context of its participation in the product innaeatof an SME, does Big Data modulate the
inter-organizational exchanges of the company?ahtiqular, is an SME more competitive or
more cooperative when it mobilizes Big Data to ioya or create a product? To date, no
research has directly addressed the issue ofrtkdoé&tween data management and relational
strategy with regard to their support for innovatin small organizations.

To answer this question, this empirical study coers three theoretical dimensions that
have not previously been addressed in the litezathie characteristics of a Big Data policy
(via the 3Vs model), the characteristics of an watmn product (using the incremental and the
radical approach), and the characteristics ofaioglal strategy (through competitive dynamics
and collective strategies). To this end, we considi¢he responses of 109 leaders of French
high-tech SMEs to our questionnaire.

The results of the study are used to propose adtieal framework addressing the
interdependence of data management and the relhstrategies of innovative SMEs. Our
contribution to the literature is fourfold. Firthiyee types of data management pursued by SMEs
are identified: No data, Big data and Smart datadblta is characterized by a lack of interest
in data, whereas Big data and Smart data are §cewgaged with data but differ in the way
the SME apprehends and applies their use. Thistyygology enriches our current knowledge
of data management; it would also help guide mansaigetheir choice of a digital policy that

is in accordance with their means and objectivesoBd, this study explores the link between



product innovation and data management by reve#tiedypes of data management that are
best suited to the radical or the incremental pcodhinovation of SMEs. Thus, Big data is
revealed as an explorative policy that supports digation of the SME’s new products.
Conversely, Smart data is an operating policy shaports the evolution of an SME’s existing
products.Third, the study reveals the relational dimensibnlata usage by highlighting the
need for SMESs to adapt their relational strategyrder to best support their data management.
Big data is a necessarily collaborative policy thiaables SMEs to access the various external
resources and expertise they need in order toatadled process their Big Data. In contrast,
Smart data is a resolutely competitive policy beeaaf its sophistication. At this stage of
maturity, in exploiting data that are now "smartéiie SME relies more on internal resources
and specialist skills. Fourth, this modeling evslieaccordance with the nature of the product
innovation supported by the data management ofSM&. As a result, the product-driven
innovation of data-driven SMEs is systematicallgaupanied by competitive relationships.
Conversely, an incremental product innovation suj@oloby data encourages, on the one hand,
cooperation between an SME and non-competing fanas on the other, coopetitive relations
with some of its rivals.

The article is structured in four parts: after {fi¢ introduction, we present (2) the
literature review of the study, (3) its methodolp@) its results and, finally, (5) discussion and

conclusions for the academic and managerial worlds.

2. Literature review

2.1 The influence of Big Data on SME product intiovae

Successful companies constantly generate new kdgejavhich fuels their innovation
efforts through the improvement or creation of pretd (Nonaka and Takeuchi, 1997). This

conception of product innovation is understood tigto technological evolution and/or the



perception of customers (Atuahene-Gima, 2005). d&tp has raised expectations of being
particularly beneficial for the firms’ innovatiothe relation between a firm’s use of big data
and the likelihood of the firm innovating is corgant on it investment in IT-specific knowledge
and skills (Niebekt al, 2019; Fosso Wamba and Mishra, 2017). Producviaion is now
being fuelled by knowledge gained from the firmtslity to exploit Big Data (Cheret al,
2015; Wanget al, 2017; Zharet al, 2017). Established by Gartner (Laney, 2001)fdhading
and consensus model of the 3Vs (data volume, yaaet velocity) disrupts conventional
statistical methods and transforms how organizatidarge or small, approach and use
information (McAfeeet al, 2012). Davenport and Patil (2012) point out tBeaf Data firms
stand out from traditional information analysis eomments by focusing on data flows, rather
than stock. Thus, the volume of data is considerer in terms of its quantity, as the scale of
digital information measurement has rapidly incesbis recent years (we are talking now about
exabytes), or through the limits of the managensapabilities of traditional IT tools (Holden,
2016). The challenge now lies in the treatmentuohiglative, continuous, permanent and real-
time flows of multiple data (internal/external, yate/public, collective/individual, ambient)
that can be structured (e.g. from databases addidraal customer relationship management
[CRM] systems) and unstructured (e.g. from sensoeb, applications and GPS). As a result,
the 3Vs reduce the decision cycle and improve tmpany's knowledge. Big data are at the
core of the innovation itself and generate new vaive digital products (Niebelt al, 2019).
Given the difficulties of integration and operatination still encountered by some
SMEs (Goes, 2014), Big Data allows them to imprthadr existing products by supporting
their incremental innovation or to create new dng$acilitating radical innovation (Erevelles
et al, 2016; Seret al, 2016). In the context of a radical product inatbon, data help to
introducetechnological jumps that make existing products obsolete. For exanmpdgufacturers

utilize data about how current products are useeérnoance the development of the next



generation and create new offerings. As part oinaremental innovation, data improve the
existing products through minor changes, such asxiynding the modularity of the current
offering. With an IT infrastructure that is ofterone agile than that of large enterprises, SMEs
can adapt quickly to the growing creation and gferaf multiple data sources in order to focus
on innovation (Semt al, 2016). According to Seet al. (2016), the collection by SMEs of
more detailed and segmented data than previoustydafirst, the analysis of the opportunities
and risks to come from their market and, secorldwal SMEs to simulate different scenarios
of the adaptation or creation of their productoading to the projected evolution of what will
be needed. For example, the large amount of infeomaiow available about an SME’s
customers and their experiences (provided by sowméalvorks, software platforms, online
communities, etc.) encourages the creation of nges wr services that can outperform the
functionality of the original product (Xiet al, 2016). Thus, Johnsast al. (Johnsoret al,
2017) employ the 3Vs model in this context to engptethat the creation of high-performance
products now requires the processing and integratia large volume of varied information
as quickly as the organization can collect the.det& approach is the source of new products
that are less expensive, better distributed andenaccessible, such as those produced by
23andMe, an SME that is shaking up the pharmaadutidustry by utilizing the data of its
customers, offering them genetic testing kits anlihat can be used by them at home. The
technological dimension of the product and theamusts' perception of its relevance attest to
the impact of data on product innovation (Zleaml, 2017).

In this sense, Big Data is a key technology thdps$emall businesses acquire the
knowledge they need for their innovation policiasotigh previously inaccessible levels of
analysis (Vajjhala and Ramollari, 2016; Scuogtoal, 2017). We therefore propose the

following hypothesis:

Hypothesis 1: Big Data promotes the product innowadf SMESs.



2.2 SME product innovation and its relational modes

According to the resource approach, a firm's coitipetadvantage is fostered and
maintained by its in-house ability to develop umgunon-imitable and non-substitutable
resources and skills to serve its innovation. Thugvation allows a company to differentiate
itself from its rivals and to remain competitiveespite the velocity of material and the
technological and consumer behavior evolutiongsoénvironment. The competitive renewal
of a company is, therefore, based on its abilitividually to develop new products. In addition
to traditional research and development (RandDgstments, increasing numbers of SMEs are
investing in Big Data as a distinctive technologgsaurce in order to build a source of
competitive advantage based on innovation (Donnetlyal, 2015; Goes, 2014). The
uniqueness of mastering an emerging technologyresdhe competitiveness of the small
business that can better predict the opporturofigs market and adapt its products accordingly
(Senet al, 2016).

However, faced with complex and uncertain enviromisiefirms do not innovate in
isolation, at least not effectively (Del Vecchabal, 2018). The weight of expenditure, the need
for external resources or the shortened life cyoleproducts lead firms to cooperate with
competitors and non-competitors in order to inne\ae Royet al, 2013). In their innovation
networks, firms are able to follow changes in dedhand production methods by virtue of the
information they receive from their various parsdihus, the collaboration between an SME
and its competitors, suppliers and customers péatily favors incremental product innovation
(Neyenset al, 2010). The relationships built among small besses enable firms to improve
existing products through complementary partnesugses, the common understanding of their
market, and an effective division of labor (Songl &Montoya-Weiss, 1998). Collaboration

between competitors would, therefore, be facildadaring an incremental innovation process



because, in comparison with a radical innovatiarcess, it is less ambiguous and uncertain
(Bounckeret al, 2016). Vertical and horizontal collaborativesangements are also conducive
to radical product innovation, allowing SMEs toued their risk, expenditure and investment
in internal resources and skills (Tether, 2002)e Fhirit of openness and diversity needed to
create a new product also fosters the exchangsharthg of resources and knowledge between
partners (Laney, 2001). Innovation is stimulated the association of distant but
complementary knowledge that promotes creativifigiency and faster project execution. As
part of a radical process, cooperation allows sinadinesses to work with complementary
partners to offset their own lack of resources @nkdouse expertise and to reduce the many
risks (financial, etc.) inherent in a small buss@soducing a new product. Thus, we present

the following hypotheses:

Hypothesis 2: Product innovation promotes ...
Hypothesis 2a: ... SME competition.

Hypothesis 2b: ... cooperation among SMEs.

2.3 Relational dimension of Big Data in SMEs

According to the theory of competitive dynamicsformation processing is an
organizational explanation of competitive beha\{®mith et al, 1991). Information plays a
vital role in an economic landscape that has bectimgpercompetitive”, characterized by
velocity, flexibility and innovation, whereby evecpmpetitive movement initiated by a firm
(such as the creation of a new product) leads dlsystematically to a reaction on the part of
rivals engaged in a continuous race towards thed temporary competitive advantage
(D’Aveni, 1994). In such a dynamic context, on thkee hand, the volume of available

environmental information and the variety of itaises allow the SME to better prepare for



and respond to attacks across a wide range of dampeptions, such as by improving or
creating products (Chen and Hambrick, 1995); andhe other, the velocity of the information
and the speed with which it must be processedrangritted to the decision-makers is likely
to help the SME act more quickly than its rivalsn{® et al, 1991). In this sense, the advent
of Big Data has transformed organizations’ modeomérationgBarlatier, 2016). Where
innovation becomes a critical issue, harnessinly tiegga volume, variety and velocity (the 3Vs)
enables organizations to bear competitive presgbreugh better understanding and
anticipation of environmental change and adapt thféers (Seret al, 2016; Gucet al, 2017).
The larger SMEs can be more competitive due ta tagiacity to generate new knowledge and
to innovate using Big Data (Vajjhala and Ramoll&016; Zeng and Glaister, 2018). For
example, Donnellyet al. (2015) point out that the use of data consolid&&¥= marketing
planning, which was traditionally based on intuiticSMEs use Big Data to surpass their
competitors through a more precise knowledge otgorers, their needs and, therefore, the
business opportunities they can seize, which emag@s; among other aspects, their product
innovation (Goes, 2014; Semnal, 2016). Big Data is, therefore, seen as a safreceovative
business opportunities (Davenport and Patil, 20[b2addition, as SMEs manage the growing
data related to their operations, they can gatt@&urate and up-to-date information about their
operational and organizational strategies, whicibées them, for example, to optimize their
innovation processes (McAfest al, 2012; Seret al, 2016). According to Marshadt al.
(2015), organizations using Big Data in their inatbon processes are 36% more likely to
outperform their competitors in terms of operatioafficiency and revenue growth. In this
sense, in today's hypercompetitive markets, Bigalsmthe new capital to possess (Johreton

al., 2017). We therefore propose the following hypsik:

Hypothesis 3a: Big Data promotes SME competition.



Although Big Data can support the product innovatd SMEs (Sert al, 2016), this
digital potential is still difficult to address amdanage for the majority of firms (Barlatier,
2016). The era of Big Data presents unprecedermpedrtunities but also new complexities for
the organization (Wangt al, 2017). Despite its potential innovation gainsjada policy
requires significant investments in resources]skihd knowledge, which SMEs often fail to
achieve (Donnellet al, 2015; McAfeeet al, 2012). The process of converting Big Data into
competitive products is complex: both small andéssompanies need to understand the drivers
of efficient data exploitation and then mobilize ttesources (financial, physical, human, etc.)
necessary for its success (Erevetiesl, 2016). As a result, many SMEs are abandonirgy thi
innovative technology, which they consider too cterggSorokeaet al, 2017). However, other
SMEs cooperate with each other in order to redheecbsts, risks and duration of their
technological efforts (Ritala and Hurmelinna-Lauk&n, 2013). An agreement can associate
the complementary capabilities of firms for explaipotentially lucrative application of big
data (Vonortas and Zirulia, 2015; Zeng and Glajs284.8). So-called smart ecosystems bring
together customers, competitors, suppliers, irngiitg, etc. to share their infrastructures but
also to exchange and combine their data to enkareftectiveness of their Big Data analysis
(Guntheret al, 2017; Xieet al, 2016). To date, industrial production procegs&sent an
important division of labor, each step of which gextes an increasing amount of information.
SMEs often do not have sufficient resources to egatbocio-demographic, behavioral,
transactional and contextual data collected by CG8ydtems, databases, sensors, etc. in order
to build effective predictive models guiding theokition of its products or the creation of new
ones. As a result, exchanges between stakeholdersnable an SME to improve its offerings
through the collection, monitoring and real-timegessing of a large volume and variety of
data that give it an overview of its data explottat Big Data, and its Data-as-a-Service

(DAAS) collaborative platforms, has the effect n€rieasing the horizontal and vertical flows



of information within and beyond a company's bosdefie et al, 2016). This open approach
also allows SMEs to nurture their creativity byitekadvantage in real time of the huge amount
of data generated by their various internal anéred sources. Nevertheless, the exchange or
sharing of data also presents a risk for smalldimmen their exploitation can be a source of
competition and destabilize its position in the kear(Guntheret al, 2017). Horizontal
(between competitors) and vertical (between cortgrstivho are also suppliers or customers)
coopetition emerge, during which rival firms coaget even though they are competitors, to
enable them to operate collectively the levers thiate technological change (Le Reyal,
2013). On the one hand, competitors are able td th&ir resources (data, infrastructure,
expertise, etc.) and, on the other, exploit theecti/e effort to improve their own market power
through, for example, the race for innovation (Bcken et al, 2016). These competitive
impulses may, for example, result in the non-slgaandiversion of certain sensitive data in
order to destabilize the strategic position of @ne(s) (Van den Broek and Van Veenstra,
2015). Despite these risks, collaborative stratebetween competitors and non-competitors
play an important role in SME data innovation pelsc We therefore propose the following

hypothesis:

Hypothesis 3b: Big Data promotes cooperation an®gs.

Our conceptual model is presented in Figure 1:

3. Methodology

3.1 Sample and data collection

Our quantitative study measures the relationship between data immopaticies and

the relational strategies deployed by French high-tech SMEs. The w@amalykis is the firm



and the respondents are the CEOs of SMEs. Companies wereeddnyithe intensity of their
high-tech activities, measured by the ratio of their value-added Rffi2nditure to the
technology incorporated in their purchases of intermediate goods and equipment. Our research
targeted companies operating in the following fields: pharmaceutigahical and automotive;
manufacturers of computer, electronic and optical products, eléemegpment, weapons and
ammunition, machinery and equipment, transport equipment, and instruments and supplies for
medical and dental purposes; and aeronautical and space construction.

Drawn from a sample with an equal probability of being selected, 1,600tmxescwere
contacted in January 2018 and offered our questionnaire, which comp@ispeestions (see
Table A). After cleaning the data (removing incomplete questionndags replies, etc.),
responses from 109 CEOs were retained. According to the cadféhia European Commission
(2003/361/EC), 27% of these respondents managed small enterprises (gl®kees) annual
turnover< EUR 10 million) and 73% medium enterprises (< 250 employees; annual turnove
< EUR 50 million).

3.2 Questionnaire, measures and data analysis

First, we used principal component analysis (PCA) and confirmaactgrfanalysis (CFA) to
validate one dependent macro variable and four independent macro vaab@sand cos2

> 0.5: rule of minimum restitution and rotations; see Table B). fdsponses in the
questionnaire were based on a 4-point Likert scale (from 1 = Strongly disagree tmdgtySt

agree).

The dependent macro variable concernsRbkational modegstablished between the
actors of individual or collective data management and measuregxteat of their
Competition Vertical cooperation (partnership between non-competitordjiorizontal
coopetitionand Vertical coopetitionthrough 19 items from Bounckegt al. (2016). The
Product innovationndependent macro variable takes 16 items from Subramaniam and Youndt

(2005) and Ritala and Hurmelinna-Laukkanen (2013) to measure the inflofedat on the



Radicaland Incrementalkransformation of SME products (innovations in design, technology,
distribution and financing). From Laney's original model (2001) and thke efddohnsoret al.
(2017), the three other independent macro variables measured tbedziWs management and
grouped companies according to their digital profiles. Vakocity macro variable (7 items
selected) combines the velocity of obtaining data (continuous/discontinuoubyassociated
decision-making (real time/delayed time). Two sub-variables wereitlentifiediow velocity

iIs characterized by discontinuous flows and delayed decision-makiigdy, velocity is
characterized by continuous flows and real-time decision-makingvdluene(6 items) macro
variable evaluates the amount of data collected and produced by the cahmpaigy three
sub-variablesl{ow, StandardandHigh). The last macro variabl®ariety (2 items), measures
the diversity of data (texts, figures, images, etc.) and their cyr(elttor recent data). Finally,
four control variables, commonly used in work on innovation and collaborative strategies (e.g.
Ritala and Hurmelinna-Laukkanen (2013) were selected to test whetliem's profile
influences the interdependence of its relational and data innovabegsesSize Turnover

Total assetandAgeof the company.

4. Results

4.1 Three groups of SMEs and two discriminatingfimms were identified

Typological analysis was carried out of the datulttng from responses regarding the
Volume VelocityandVariety macro variables in order to classify the respotglaocording to
their data strategies (the indicators, G, of theters of gravity are presented in parentheses
below). The group identified d@¢o data(19.2% of the companies examined) is defined by no
data volume, variety or velocity (G<0). TiBég datagroup(48.6%) uses data that are very
large, varied and have a high operating velocityQGFinally, theSmart datagroup(32.2%)



manages data that are small (G>0), not very vdfe®) and whose operating velocity is low
and high (G>0).

This classification has a discriminating power @f48%. According to Fisher's and
Wilks' lambda tests, th&ariety andVolumeof the data variables best discriminate between
firms. Two discriminant functions appear: thetended data exploitatidanction refers to the
transition of a firm into the Big data group, in ialhn the variety and volume of data are high;
and theReduced data exploitatidanction characterizes transition into the Smaitadyroup,

in which data volume is limited.

4.2 Characteristics of data management and intgyaoizational relations

The analysis of centroids, analysis of variance QAM\) and Multiple comparison
tests (MCT: T-tests, Tukey where n is unequal, 8éhkeast Significant Difference and
Bonferroni) focus on the particularities of depemdend independent macro variables in
order to identify, for each group of SMEs, the Ilmdgtween a firm's data policy and the
relational strategies it deploys.

With regard to the relational macro variable, Relal modes, which significantly
differentiates SMEs (Fisher's F, where p<0.01), $ineart data group develops particularly
competitive relations (G>0), unlike the other greyi®<0). The MCT confirms that point
(p<0.05). As one would expect, vertical cooperabetween non-competitors (partnership) is
associated with the Big data group (G>0). In teahsoopetitive trade, the Smart data group
(G>0) is distinguished by vertical coopetition, wdes horizontal coopetition is exhibited by
No data firms and, to a lesser extent, Big datadi{G>0). The MCTs did not provide any
additional differentiation for these three coopeeimodes. Thus, hypothesis H3a is rejected
and hypothesis H3b is validated. Nevertheless,results indicate that although Big Data
promotes cooperation between non-rival SMEs, magagismaller set of data (Smart Data)
stimulates competition and vertical coopetition.

Moreover, the Product innovation macro variable al§ferentiates between groups
(Fisher's F, where p<0.01). MCTs highlighted tlzatical and incremental product innovation
is exclusively supported by SMEs that manage tfetia: The Big data and Smart data groups
are differentiated from the No data group (p<0.®&)wever, only the Big data group stands

out from the others in terms of support for the SMiadical product innovation (G>0) and



incremental product innovation remains the exclkigeature of the Smart data group (G>0).
Thus, hypothesis H1 is partially validated.

4.3 Determinants of the inter-organizational retaits of SMEs according to their data

management

We used a stepwise regression model to examineR#lational mode dependent
variable for each group to examine what form ofdoici innovation determines their inter-
organizational exchanges (see Tables C and D).ré&dts highlight that radical product
innovation promotes competition, regardless ofdaE management policy. Thus, hypothesis
H2a is partially validated. In contrast, incremémeduct innovation supports both forms of
cooperation (vertical cooperation, vertical coojati and vertical coopetition) regardless of
the data management policy. Thus, hypothesis HRhrigally validated. In particular, No data
and Big data policies favor horizontal coopetitmetween SMEs, whereas a Smart data policy
privileges relations involving vertical cooperatjonertical coopetition and horizontal
coopetition.

Finally, we note that the control variables (Sizarnover, Total assets and Age of the
SME) do not have any causal links with the Relaionodesdependent macro variable.

As a result, our study shows that data managerBemtiata or Smart data) is associated
with a relational strategy the nature of which eariaccording to whether the innovation

produced is radical or incremental.

5. Discussion and conclusion

Does Big Data modulate the inter-organizationalhexges of SMEs through its
participation in their product innovation? Our rasd answers this question in the affirmative

by partly validating the five hypotheses of ourdtetical framework. More specifically, our



results reveal the existence of several types d& dmanagement associated with the
implementation of a specific relational stratedpg hature of which varies according to whether
the innovation produced (supported by the dategdecal or incremental. The interdependence
between the innovative digital dynamics and refatlodynamics of small business is thus

confirmed.

5.1 Theorical contributions

The first theoretical contribution is that the SMifsdied can be differentiated through
their deployment of different data strategies iatien to the volume, variety and velocity of
the management of their data. Thus, we confirnwitik of Donnellyet al. (2015) and Scuotto
et al (2017) in stating that small organizations akesting in this form of technology in order
to be innovative. We also enrich the existing krexigie concerning the exploitation of data by
SMEs by presenting a typology of their data stiaggAccording to the three-dimensional
model of the 3Vs (Laney, 2001), three groups ehéirstand out: No data SMEs, which do not
manage their data at all; Big data SMEs, which atgea high volume and variety of data at
high velocity; and Smart data SMEs, which mobibzimited volume and variety of data but
with a management velocity that is both low andhhighus, Smart Data is presented as an
approach that mobilizes reduced data but is spetfia particular problem (Davenport and
Patil, 2012); in contrast, Big Data is charactetibg a more global, generalist approach. Smart
data SMEs are also differentiated by an abilitikgep abreast of information punctually and to
make both instant and delayed decisions. This menagt method places the organization in
a variable temporality depending on the nature@mdext of the decision to be made. Smart
Data is subject to a "slow management"” that promogition and progressiveness to ensure
better efficiency in data processing. It is no lengecessary to exploit a large volume and
variety of data quickly. The challenge now liesaim organization's ability to manage data in

the most effective way to meet a pre-designatedl (Gzes, 2014).



A second theoretical contribution reinforces theréiture by demonstrating the link
between product innovation and SME data policy (Elteset al, 2016; Goes, 2014; Sen
al., 2016). The data management of a small compapgaap to provide targeted support for
its innovation efforts compared to organizationat ttlo not implement any data policy. We
complement this knowledge by identifying the dadéqees that are most suited to incremental
or radical product innovation. Our results underline finding that Big Data particularly favors
the radical product innovation of SMESs, whereas i$mata stimulates incremental product
innovation. The role of Big Data in the creatiomefnv products can be explained by the need
for SMEs to explore a broad spectrum of new infdromathat was, traditionally, distant from
the firm's field of expertise in order to bettepttae current or future market developments in
order to disrupt the market and make existing pctglobsolete. In comparison, a Smart data
policy supports the development of an SME’s exgsfinoducts. We can explain this through
the need to mobilize more specific and, therefanere limited data quickly, which, when
extracted, for example, from each function of thMESs value chain, enable the steady refining
of an existing product via minor changes. Thus, iSaata is an operating policy, whereas Big
data is a policy of exploration for an SME.

Incremental product innovation is, therefore, irdmly less data intensive than radical
product innovation. Consequently, these varying@gghes to the mobilization of data lead
high-tech SMEs to modify their inter-organizatioredchanges in the service of their data
policy. First and foremost, irrespective of thedguot innovation context, our third theoretical
contribution confirms that a Big data policy favomoperation (Guntheat al, 2017). The SME
associates itself particularly with non-competiagtpers because of the difficulty a single SME
has in managing by itself the resources (technoldgmaterial, human, etc.) necessary for its
exploitation of Big Data. In addition, access ttame and continuous flow of heterogeneous

data (financial, commercial, marketing, etc.) regsionly a small structure to multiply its



sources of supply. These collaborative strategieg ISMEs that are complementary and non-
competitive together to optimize their investmant8ig Data. Our results reveal that Smart
Data SMEs favor competitive relations. In a Smaatadpolicy, the data mobilized remain
unique because of their contextualization (dueht® d¢rganizational, economic, technical,
historical, etc. characteristics of the firm). Temems to reduce the interest in SMEs drawing
on partners’ data, which are considered unusaldause they are unsuited to the other firms’
contextualized objectives. In addition, firms ukeit own data experience to select, evaluate
and exploit a small amount of data targeting agiiadd research theme (Davenport and Patil,
2012). As a result, a Smart data policy relies MESpecific expertise, which makes the
company less dependent on external resources edtise. Thus, Smart data is a competitive
policy because of its sophistication, whereas a d&ta policy involves a more cooperative
approach.

Nevertheless, our fourth theoretical contributioma$ that the above model is modified
according to the nature of the product innovatiopp®rted by the data (see Table C). Thus,
when data contribute to radical product innovattbe,relational strategy deployed by the SME
to mobilize them is systematically competitive. Retiess of how the data policy is driven (No
data, Big data, Smart data), the issues relat#itetoature of a breakthrough innovation place
the firm solely in a competitive relationship. Hedata seem to be considered a distinctive
resource that should not be shared with other carep&o that the data can exclusively support
the competitive innovation of their owner. Convérsen incremental product innovation
supported by data favors vertical cooperation betwaon-competitors and coopetitive
relations between competitors. Mutualizing the ngamaent of its data with its customers,
suppliers and rivals allows an organization togfarm its existing products effectively through
the analysis of multiple pieces of information netjag its environment. Incremental product

innovation supported by data is, therefore, codperaMore specifically, in the context of



incremental product innovation, our results underltihe finding that a Big data policy favors
horizontal coopetition, whereas a Smart data podiasors partnership and horizontal and
vertical coopetition between SMEs. The simultaneftgompetition and cooperation responds
to the need for an SME to combine its technologieaburces, while exploiting them in order
to reinforce its own product in a market sharedhw# partners (Le Rogt al, 2013). Several
explanations can justify this observation. Finsthe context of this type of innovation, the data
are considered less critical than in a radical wation and this facilitates their sharing.
Although the competition is ubiquitous between pars, their cooperation allows access to
multiple resources and data flows in order to @vaite or detect opportunities for the
development of their offers that meet the same dénaa those offered by their peers. Second,
incremental product innovation is fueled less bynpementary information from distant
partners (from other markets) than by local acidre share the same environment. Similarities
in their value chains, experiences, qualificatiansl resource constraints are likely to bring
together competitors, customers and suppliers wfamadiarity to each other will reduce the
costs and risks of their cooperation. Last, it $thtwe noted that a Smart data policy particularly
encourages SMEs to rely on all forms of cooperative conclude that mobilizing targeted
and useful data for the predefined transformatiba product requires small businesses to
integrate a complex network of many sources ofrmfdion into both competitive and
cooperative relationships. In this sense, the dathrelational strategies of SMEs are highly
interdependent as part of their support for produmbvation. Although collaboration between
competitors or non-competitors favors the sharihgnformation and knowledge for their
incremental and radical product innovation (Boumckeal, 2016; Le Royet al, 2013), our
work emphasizes that it is also beneficial upstredithe creation and management process
because, as data are processed they become informahich is then transformed into

knowledge and placed in the service of decisioningak



5.2 Managerial implications

The managerial implications of our work are relatedthe awareness required of
decision-makers that there are several ways of gwagatheir data to support product
innovation and that this management requires thalination of adequate relational strategies.
Therefore, a capacity to vary between competitivdY@ cooperative exchanges, as well as to
be able to choose appropriate partners as souffceéata and digital expertise, remains
necessary for SMEs who wish to transform their rsffeither radically or incrementally, in

response to their digital strategy.

5.3 Limitations and future research areas

Our results should be understood only in relatmthe limits of the study. Thus, the
results are only related to French high-tech SMigs@oduct innovation. For example, other
business profiles from medium- and low-technologguistries (or markets) that use data to
support their product and organizational innovatibauld be tested. We also provided a static,
rather than a dynamic, approach to the phenomeegaulse of our quantitative method.
However, it would be interesting to analyze whetheta management has its beginnings in No
Data, then moves to recognizing a need for Big Dakach ultimately leads to a Smart Data
policy. Studying this cycle in detail through inteaws (in a qualitative study) could be a matter
for future research. In addition, the literaturevnappears to have evolved towards a "6Vs"
model to define firms’ data management (volumejetgr velocity, variability, veracity and
data value). This new model could soon, therefoea)sed to deepen our understanding of the
relationship between data strategies and relatismaiegies in an innovative context. Finally,
our research assumes that the equilibrium of catheaind cooperative exchanges of SMEs
is fixed. The influence of data strategies on tiifebnt degrees of coopetition could also be

addressed in future research.

5.4 Conclusion



This research concluded by demonstrating the iapEddence between the types of
data management employed by an SME and its reddtsdrategies. Competing or cooperating
is a choice that a small organization must mak&der to better manipulate the data it uses in
the service of its product innovation. Thus, Big&ia a collaborative form of data management
because of the extent of the technological, mdtdnianan, etc. resource requirements that an
SME cannot manage alone. However, the narrowafsesource requirements in the context
of a Smart Data policy could direct the SME to esolely competitive relationships.

Nevertheless, the nature of product innovation ertpp by the exploitation of data
reorients the relationship identified between da@nagement and relational strategy. The
critical nature of radical product innovation sys#dically leads SMEs to manage their data
alone in order to support the creation of new gisve products. However, the approach of
SMEs is cooperative or coopetitive when their data intended to improve their existing
products. Through its new theoretical framework, @mpirical study offers important insights
into the understanding that, on the one hand, smainesses manage their data to enhance
their innovation efforts and, on the other, supploid approach through the implementation of

appropriate relational strategies.
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Appendix

Figure 1. Big data and SMES's relational strategies
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Table A: Questionnaire for data collection

Macro variables Variables Iltems

Compared to your main competitors, the data allow gu ...
... to improve your knowledge of the market.

... to better stimulate demand.

Competition ... to identify new business opportunities.

.. to reach your sales objectives.

.. to increase your sales.

.. to increase your market share.

Your business uses certain data from its suppliers.

... who sometimes become competitors.
Vertical

cooperation Your business uses some data from its customers ...

... who sometimes become suppliers.

... who are regular suppliers.

Relational Your business uses some data from competitors ...

modes .. with whom it has regular relationships (commoaoj@cts, shared actions, etc.).
Horizontal ... with whom it has occasional relationships (megjrtrade shows, joint customers, etc.).
coopetition | .. with whom it has a common goal.
.. with whom it has a relationship of competition aaperation.
.. who are its allies on certain projects, themes, etc

Your business uses some data from competitors ...
...who sometimes become suppliers.

Your company uses certain data from its suppliers...
Vertical ... who sometimes become competitors.

coopetition ... who are regular competitors.

Your business uses some data from its customers ...
... who sometimes become competitors.

... who are regular competitors.

According to you, your firm collects ...

Lo ...a low volume of data per year (one or more CD ROWBB storage, etc.).
W

According to you, your company produces...

... a low volume of data per year.

According to you, your firm collects ...
... a standard volume of data per year.
Volume Standard )
According to you, your company produces...

... a standard volume of data per year.

According to you, your firm collects ...
High ... a significant volume of data per year.
According to you, your company produces...

... a significant volume of data per year.

Your firm is informed about the topics that intereg it (trends, actors, etc.) ...
... in delayed time (after a certain delay, etc.).

Low As a result, your data help you make decisions ...

... in a discontinuous flow (punctually, etc.).

Velocity ... later (after a certain amount of time, etc.).

Your company is informed about the topics that inteest it (trends, actors, etc.) ...

... in a continuous flow (permanently, etc.).
High ) . )
9 ... in real time (instantly, etc.).

As a result, your data help you make decisions ...




... in a continuous flow (permanently, etc.).
... in real time (instantly, etc.).

Variety

Your firm uses ...
... many types of data (encrypted, texts, imageleos, etc.).
... data on various topics (trends, events, acttcs), e

Product innovation

Data help your business radically transform ...
... its understanding of new markets.

Radical ) )
... the design of its new products.
... the distribution of its new products.
Data help your business gradually transform ...
... its understanding of the markets.
Incremental

... the design of its products.

... the distribution of its products.




Table B: Measurement scales (PCA, CFA and acceptdity steps)

Al RI PI
Macro- |\, ables | RM v 12 GFI | AGFI | RMR | RMSEA| NFI RFI CFI IFI TL | yZddi
variables (si>0,5)
Le +| >0,9 ~0 <0,09 >0,9 <5
Competition PCA 0,915
Vertical
.| CFA | 0847 | 34315| 0941 0863 0038 0086 0941 ©,88 0972 | 0973| 0973 1,806
Mod i
odes | Horizontal | o) | 973
COOpetItIOﬂ
Vertical | pon | 0,882
coopetltlon
Low CFA | 0,862

Volume Standard CFA 0,736| 12,756 0,967 0,885 0,029 0,082 0,957 0,894 0,941 9770, 0,941 2,126

High CFA 0,880
Low PCA 0,767

Velocity
High PCA 0,857
Variety PCA 0,672
Radical CFA 0,845

Product

g g
Y Iy e CEA 086 10,57 0,932 0,89 0,041 0,055 0,96pP 0,917 0,9p2 20,99 0,979 1,321

Note: RM = Retained method; PCA = principal compohanalysis; CFA = confirmatory factor analysis= Cronbach’s alpha; Al = absolute indiceg2 = Chi2; GFI = goodness-of-fit index; AGFI = adjies|

goodness-of-fit index; RMR = root mean residual; 38A = root mean square error of approximation; Riefative index; NFI = normed fit index; RFI = retige fit index; CFl = comparative fit index; IFI =
incremental fit index; TLI = Tuck-Lewis index; Pl = parsimony indey2/ddl = Chi2 by degrees of freed.




Table C. Stepwise regression

DV: Competition

\ No data Big data Smart data
Radical product innovation 0.542(***) 0.342(*) ®0(*)
R/RYR? adj. 0.705/0.497/0.935 0.342/0.117/0.684 62200.387/0.822
Fisher tests 8.899(*¥) 6.479(**) 9.780(%)
DV: Vertical cooperation
\Y Smart data
Incremental product innovation 0.545(**)
R/R?/R? ad;. 0.545/0.297/0.854
Fisher tests 13.513(*%)
DV: Vertical coopetition
\Y Smart data
Incremental product innovation 0.344(**)
R/RYR? adj. 0.344/0.119/0.881
Fisher tests 4.305(***)
DV: Horizontal coopetition
\% No data Big data Smart data
Incremental product innovation 0.608(**) 0.286(***) 0.350(***)
R/RYR? adj. 0.608/0.369/0.336 0.286/0.082/0.063 35@0.123/0.095
Fisher tests 11.127(***) 4.447 (**) 4.479(***)

DV = dependent variable; IV = independent variable
(*) = p< 0.001; (*) = p< 0.01; (***) = p< 0.05




Table D. Data management and relational strategies

Product innovation

Incremental Radical

No data
Horizontal coopetition
Big data
Competition
Vertical cooperation
Smart data Horizontal coopetition

Vertical coopetition




