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Abstract

Many SMEs still seem reluctant to accept the mamage of large datasets, which still appear
to be too complex for them. However, our study a¢év¢hat the majority of small French car
dealers are developing Big data and Smart dataieslio improve the quality of their offers,
the dynamism of their sales and their access toamortunities. However, not every policy
has the same effects on the development of theinbss. Whereas Big data improves all the
components of SME development in a global, shomrtand operational way, Smart data

presents itself as a more targeted, prospectivesiatkgic approach.
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1. Introduction

For several years, the exploitation of data hasimecncreasingly popular with both large and
small firms, due to its potential benefits in terohi&nowledge, decision making and, ultimately,
performance (financial, commercial, organizatiort) (Cetindamara, Phaalb & Probertb
2016). With a turnover of $203 billion forecast 920 (IDC, 2016), the economic promise
offered by big data now affects all sectors of tlev and old economies. Like many
manufacturing industries, the automobile industrynow destabilized by the unprecedented
volume, velocity and variety of data availablett{Lianey, 2001). For example, the volume of
business generated by the production and salenolected vehicles is expected to almost triple
by 2020 (PWC, 2016). In addition to embedded ebmitrboxes (known as dongles), the use
of mobile phones, social networks, websitds, increases the amount of data that can inform
the automobile industry about the purchasing bemasf connected motorists. This new
knowledge offers the ability to bring about the dyral transformation of the commercial
relationship through the use of data relating ® \tkhicle (defects, wear and teeig), the
driver (uses, needs, etc.) and his/her commeraomalr@ament (after-sales service, customer

experience, etc.).

A CCM Benchmark Institut (2015) survey revealed 606 of French Internet users search
online before buying a new car. Now, customers widly a dealership once, on average, before
buying (five years earlier, the average customenlvdnave visited five showrooms). While
31% of the first commercial contacts are stilliated during a physical meeting for the sale of
new vehicles, more than half of these contacts come from the Internet for sales of used
vehicles, technical maintenance and after-sales. ddre transmission and processing in real
time of data on the technical condition of a vehiahd its use (breakdown, obsolescence of
equipment, types of driving, etc.) also opens wphale new field of business opportunities
around repair and vehicle maintenance. To be bstteed, 90% of 2.0 consumers choose to
authorize access to their personal data. This fitverepresents a particularly important
economic stake for small concessions that encoutifculties in developing (financial
limitations, high investment costs, and insuffitcientical size) in an increasingly concentrated
distribution market. With the ability to managegarand diversified datasets efficiently, small
automobile distributors could improve their strdrggin each of the following areas: the quality
of service and customer satisfaction with theie¢hareas of trade (the sale of new and used
vehicles, parts sales and after-sales). Profedsienih however, need to know how to use data;
during the year of our investigation, more than on¢hree French customers had not been
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contacted by their car dealership. Finally, evernvprofessionals collect and store data, the
data are often incomplete, perhaps even false,thakfore, ineffective. Despite its economic
promise, the exploitation of data presents smghoizations with technical and organizational
challenges that require the mobilization of numsrboancial, human and material resources
(Alles, 2015 ; McAfee & Brynjolfsson, 2012). Manynall and medium-sized enterprises
(SMEs) are, therefore, still reluctant to impleméns technology, which they consider too
complex (Soroka, Liu, Han, & Haleem, 2017). Desfiiese obstacles, however, some work in
the literature does mention the deployment of @afaloitation programs by small firms and
their expected impact on the firms’ distributiortiaties (Manyikaet al, 2011). Therefore, to
shed light on the analysis of digital practiceseleped so far by SMEs and their possible
economic gains (George, Haas, & Pentland, 2014, Seturk, & Vayvay, 2016), we wanted
to address the following research question: Does#ploitation of data positively impact the

development of small firms in the automobile disition industry?

To answer this question, a quantitative study wasied out among 112 SMEs in French

automobile distribution (small car dealerships).idad by our desire on this issue to bring

together these firms’ decision makers and manageswence, our results make three main
contributions. First, small French car dealershifgzze become aware of the economic
importance of managing data to develop their aatiwi Our study reveals that the vast majority
of the SMEs that participated actively use theitad@ support the development of their

business. More precisely, and this is the secosdltref the survey, these organizations stand
out through the deployment of three data polici®bpse volume, variety and speed of
exploitation of data diverge. These policies cqroesl to No data, Big data and Smart data
programmes. The identification of a typology ofalglicies thus underlines the state of
progress of data use among small automobile digtnib. Third, the study reveals that Big data
and Smart data policies improve development. WiseBég data has a general, short-term and
operational influence on the three areas of devedy (i.e. the quality of their offers, the

dynamism of their sales and their access to nevortypties), Smart data represents a more
targeted, anticipatory and strategic approach @iteting the changes to be carried out, mainly
in improving the quality of their offers and therdynism of their sales. Thus, each data policy
must be carefully selected and then deployed asuptd the fields and practices that the small

car dealership wishes to develop.



2. Theoretical foundations
2.1. The ‘datafication’ of automobile distribution

New technologies have caused a profound changéenfarmulation of strategies in the
majority of companies (Liébana-Cabanillasa & Aloiws-Santos, 2016).Today, the large
multi-dimensional datasets generated by firms’ aussi stakeholders (customers, suppliers,
competitors,etc) are growing under the influence of the InternétThings, geographic
information systems (GIS), connected objects, $owglia,etc. According to Wagner, Bachor

& Ngai (2014), the processing of these data reptese real competitive advantage for a firm
through the potential organizational knowledge teat result from it. Whereas a firm might
once have used a few megabytes of data in sewys) il can now perform the same operation
in a continuous flow in eminently larger volumegaRtime access to information in its inter-
and intra-organizational environment makes a firareragile than its competitors by virtue of
its knowledge and anticipation of its customerg&dse the optimal management of its stock or
the fair pricing of its offers (Boyer, 2016). Agesult, data have increased in recent years in
various industries, such as the automobile industor example, both the manufacturers'
distribution networks and independent aftermarketd are endeavoring to make commercial
use of the data produced continuously by the dathglieequips a growing fleet of vehicles that
are now connected. The redefinition of various ises/or the emergence of new devices and
services associated with this new connectivity &ale of new or second-hand vehicles, parts
sales and after-sales services) represents tremetaisiness opportunities for firms capable
of controlling data flows. A sign that data are nastrategic issue is that new players are also
appearing in automobile distribution. This is trese with the AutoVisual platform, which
classifies used vehicle advertisements by informmmatividuals about price positioning based
on market value, and by developing services fooraobile professionals to help them source
supplies, maximize their margins and understand th@wused-car market evolves. In recent
years, big data have become popular because exgt@natory and predictive benefits that can
be derived from exploiting a large volume of bothustured (from customer relationship
management [CRM] or other traditional databases) anstructured (from sensors, Web
applications, Global Positioning System [GP8f;) data that are fed to the organization
without interruption and in real time. ‘Big datas, itherefore, not only concerned with the
generation and processing of ‘massive’ data; @ aisolves an extraordinary diversity of data
(internal/external, private/public, collective/ingiual and ambient) that are delivered at high
velocity and frequency. Thus, Gartner (Laney, 2@fj)ned the phenomenon in 2001 through
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the founding of the 3Vs (volume, velocity and vey)anodel, which has been enriched to date
by components relating to the veracity, value asadability of data (Chen, Preston, & Swink,
2015).

While big data promise to help managers become rfi@ondiar with their environment and
make better decisions (Cetindamara, Phaalb & Piig#016), the challenge of exploiting the
data in the service of their managerial objects/@articularly complex (Brown-Liburd, Issa,
& Lombardi, 2015). However, it is making a succefsthis process of creating knowledge from
masses of raw and heterogeneous data that enbergsdfitability of such a digital policy
(Georgeet al, 2014). Beyond the traditional 3Vs model, thellemge lies in an organization's
ability to generate data that are ‘intelligent’ @90 2014). This is where big data become smart
data. It is no longer necessary to process a hagiime and variety of data to create value. In
response to a predefined usage objective, daideméfied and then detected more effectively
due to the delimitation of a precise and thus reduesearch theme. The firm is thus developing
its approach around the selection, evaluation atelligent use of a smaller volume of data
(Davenport & Patil, 2012; Huang & Huang, 2015)tHis sense, some experts no longer value
big data and smart data, but small data, withdkea of democratizing data analysis in terms of
the resources available to devote to it, enablmegsimallest firms (such as SMES) to exploit
data (intelligently). These small data, whose vauand format facilitate their processing, are
generally present in all organizations because tbegern basic information, such as customer
contact details, expenses, comments on the InfesteeHowever, regardless of their nature,
data remain inherently ‘stupid’ and it requiresalaipty to use them wisely. Consequently, the
benefits generated by their management requirarsftsrmation of the firm's information
technology, cognitive and organizational capacifgz®wn-Liburdet al.,2015). However, the
necessary investments in technological, humanndiad organizational and other resources
may prove to be significant, depending on the f#size, structure area of activity (Alles, 2015;
Golia, 2013).

2.2. Influence of data on the development of autorbde industry SMEs

All the major industries of the old economy (indhugl the automobile industry) draw on data
as development sources. The evaluation to dateremghe attractiveness and strategic
importance of data for large and small firms aliker SMEs, which account for 99.8% of

European businesses, economic growth dependsatgeéxtent on their development, which

in turn depends on their ability to innovate thrioulge adoption of new technologies (Oxford



Economics Survey, 2013). Big data is a key tectmolbat stimulates innovation, economic
growth, development by increasing the responsigerilexibility, productivity and anticipation
of SMEs through the new ability to analyze and mtesharket movements (Ser al, 2016).
Furthermore, an absence of large datasets shouldxempt SMEs from such a program.
Regardless of the volume available to them, it hasome essential for SMEs to make
maximum use of data in order to gain a market stdaeelop their offer and improve their
organizational processes. Finally, the existenceowofsourced services, such as cloud
computing, is now helping SMEs to meet the technioencial and human challenges of data
utilization (Sorokeet al.,2017). As a result, McKinsey Global has identifigatential gains
from a policy of exploiting data for SMEs distrilbat activity (Manyikaet al., 2011).
Knowledge generated by this program could improMESIevelopment by optimizing, for
example, the design and placement of firms’ ofterd hence their commercial performance.
Despite obstacles arising from the significant amiaaf resources required to mobilize and
drive a digital policy, many SMEs are currently kxting ‘massive’ or ‘intelligent’ data in the
hope of improving the quality of their offer(s), vidoping their sales and stimulating the
expansion of their market(s) by accessing new legsirand organizational opportunities
(Sorokaet al, 2017). In view of the above, we wonder, theref@bout the real influence of
data on these three components of developmentregiect to SMEs in French automobile

distribution.

Chandler (2015) argues that the collection andgssiog of data in a firm's intra- and inter-
organizational environments should make it posdibleptimize the quality of its offer. For
example, the process of improving the quality giraduct or service can be enriched by
analyzing data from the practices, behaviors orments of customers (Warren, Moffitt, &
Byrnes, 2015). Product creation can also emerge ftata handling that enables the effective
management of an ecosystem of stakeholders oothprehensive and integrated planning of
all the functions in a value chain. For example Afé® and Brynjolfsson (2012) note the use
of ‘massive’ data among automobile manufacturersierstand the reasons for higher defect
and return rates for some models. Some first autersanvolved their sales network in large-
scale data management. For several years, theydasgdrom their distributors as the basis of
a predictive analysis solution to better detecttéaun their vehicles before the production of
future series. Automakers request that all dealétbeir brand have the capacity to receive,
process and share (without interruption or fragmm) commercial, technical,

environmental, behavioural data, etc. from theistemers and their connected cars. This



requirement comes at a time when the brand's stealérs, mainly because of their insufficient
size and financial limitations, are increasinghbaerdinate to the manufacturer. However,
automakers imposing their IT infrastructure on thelealers (like the majority of
manufacturers), it is clear that, in practice, 6bls are under-exploited by the sales teams,
which, reinforced by the frequent use of independefrastructures, does not favour the
connection of all these data, the sources of whrehhighly diverse. Many automakers have
concentrated their networks in France, with the afrstrengthening national concessions at
the expense of other firms of more modest size s€guently, their data strategy has to contend
with the reluctance of certain small distributooshake their data fully accessible to the
manufacturer. For example, groups CRM that will toraw entirely guide the relationship
between the seller and the customer (consequenty, will return the sale between the
manufacturer and the dealer?). Beyond the reldtidifculties that these data policies
engender, the burden placed on small dealers sitead and organizational because these
digital developments are also likely to have anacotmn the management of the work within

the showrooms and workshops.

In addition to developing the necessary IT tooldgpmakers require that dealers integrate the
“data management” function into their work proceasaead increase the skills of their sales
teams in order to bring about new business oppitieansuch as real-time remote vehicle
diagnostics. Coupled with predictive maintenane¢#izing data from on-board and connected
boxes, real-time remote diagnostics transformsmatwe distribution activities in order to
improve the quality of the services provided inldeships or garages. Several networks, such
as those of Mercedes-Benz France and the PSA Gnoupprovide technicians with a system
for collecting all the data necessary for carryiogt an intervention adapted to users'
expectations (available parts, technical shedisiails, etc.). Despite all the constraints that ar
placed on small organizations, the effective usedath makes it possible to access new
development perspectives and better exploit limiesburces. Therefore, the use of data, for
example from customer or employee feedback, shioybdove the quality of the offers from
small car distributors by helping them better usthard and anticipate the requirements of their

market. Thus, we formulate the following hypothdsise Figure 1):

Hypothesis 1.(H1) The more actively an automobile SME manages ita,dae more the

quality of its offers increases.



The technologies gradually being more widely usedti@nsforming the customer experience
at the point of sale and allowing consumers to tstdad new uses. As a result, as part of a
digital policy, SMEs most often retain and exptaistomer and sales data (Sorekal, 2017).
From online sales to connected applications andjldsnand via their presence on social
networks, automobile dealers are beginning to agvalwhole digital system to benefit from
a global vision of a customer base. Thus, deakemefit from a platform that allows for the pre-
qualification of prospects (on the basis of anayskonline behavior, feedbaaktc) and can
detail their relationship with sales representatiweth profiles corresponding to their needs
(rapid sales, qualitative suppaegtc). As a result of the analysis and cross-checkiradl these
data, firms should be able to offer consumers petsed commercial offers (complementary
and/or promotional offers, adapted prices, persoedloansetc) and thus improve their sales
(Chandler, 2015). We therefore formulate the folluyhypothesis (see Figure 1):

Hypothesis 2.(H2) The more actively an automobile SME manages i, dié more its sales

increase.

According to Cheret al (2015), big data bring to a firm a new visiontsfbusiness model but
can also help it obtain new business opportuniBéanchard and O’Sullivan (2015) state that
data allow firms to evolve their offers in line withanging trends and personalize them
according to the various customer profiles ideedifiAccording to Sorokat al (2017), the
analysis of customer and sales data offers SME®ppertunity to expand their offers and
markets. Seret al. (2016) argue in turn that data utilization impreyven the one hand, the
decision support systems developed by SMEs antheoather, guides them in the simulation
of various business scenarios. In addition, bigadzdn influence a firm's organizational
processes by transforming its methods and opegdtionls or by helping it better manage its
human resources (Chenhal, 2015; Grimm & Konig Ingentis, 2015). Through theta-mining
and behavioral analysis platform that serves itdatships, some automakers are mobilizing
their sales force in a different way (such as lyn appointments after the pre-qualification
of customers using data to improve the quality pexdormance of its customer support). Data
offer, therefore, unprecedented opportunities ifong that want to improve their products and
services, expand their markets and optimize thparations (Cheret al, 2017). A final

hypothesis is formulated as follows (see Figure 1):

Hypothesis 3. (H3)The more actively an automobile SME manages ita,dae more its

business and internal organization opportunitieseiase.



Figure 1. Theoretical model
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3. Research design

3.1. Automobile industry and sampling

Our empirical study deals with the management td & French automobile dealers. In the
French automobile industry, 31,000 firms are didideetween those selling new and used
vehicles and those offering maintenance and sdlepave parts (ANFA, 2016). These firms
are manufacturers who have their own branches,candary network of manufacturers’
partners including dealerships, agents and garagdsjarious suppliers outside these networks
(agents, supermarkets, car accessory outtdts) sourcing from manufacturers’ foreign
subsidiaries, dealerstc. Drawn from a sample based on an equal probalbiibeing chosen,
1,600 dealers were approached via our online relseprestionnaire (see Appendix).

Following data purification (incomplete questiomeai those returned after the deadlete),
112 firms were selected (see Table 1). Accordinthéocriteria of the European Commission
(2003/361/EC), 33% are small organizations (10féwer than 50 employees and a turnover
between 2 million and 10 million euros) and 67% mredium-sized firms (from 50 to 250

employees and a turnover of between 10 millionzhdillion euros).



Table 1. Survey details

Number of questionnaires received during the supesiod

Survey start da 05/12/201
16 Survey reminder da 02/01/201
Survey end da 20/02/201
14 Statistical populatic 31,00(
Sample 1,60(
12 Firms that responded, minug 152
... incomplete questionnair 25
10 ... late questionnaire 11
... questionnaires not completed by the head ofitht 5
8 Selected firms 112
6
4
1]
° G © ° & N O O S Q
N N N W N N > N \) N N\ W
g}\\‘\/ \"y’y \\Q’ \\Q) Q\Q QQ’Q N o okt © %Q\Q Q\@, "3\@’ Q\@

Distribution of the selected 112 firms by categofyirm and data policy

No data | Big data| Smart data
Agent: 33% 17% 20%
Car accessory outle 17% 16% 8%
Car accessory outlets .
14% Dealership: 25% 43% 52%
Garage! 25% 17% 16%
Other supplier 0% 7% 4%

Dealerships

43%
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3.2 Variables

The dependent macro variablBefvelopmentand seven independent macro variables and
variables were used to measure the data utilizgialities and their consequences for the
economic expansion of French automobile dealers. A and CFA validated the reliability,

quality and discriminative validity of these scatdsneasurement (see Table 2).
3.1.1 Dependent macro variable

TheDevelopmeninacro variable comprises three variables and messa relation to a firm’s
data utilization, the quality of its offers (imprmwent of quality, reduction of defect ratek),
sales (stimulation of demand, increase in s&ts), and the new business and organizational
opportunities that arise (opening up new marketsgnession of offers, new ways of working,
etc). The items are mainly drawn from articles by Bart and Moncef (2010), Kleinschmidt,
De Brentani and Salomo (2007) and Samani and Matrad2014).

3.1.2 Independent macro variables and variables

Drawn from the 3Vs model (Laney, 2001), the threscra variables/olume, Velocityand

Variety define the type of data utilization that an autbitfeodealer deploys.

TheVolumemacro variable assesses the amount of data @allecid produced by a company.
It consists of three variables: low volume (anngzntity of data assessed as limited by the
respondent), standard volume and high volume. élecity macro variable evaluates the
velocity of data retrieval (continuous/discontinep@and associated decision making (real-
time/delayed time). It is composed of two variablesluced data velocity (discontinuous and
delayed data flow) and high data velocity (contusi@and real-time data flow). Théariety
macro variable assesses the diversity of datas(tégures, imagestc) and their timeliness

(old/recent data).

The two Sourcemacro variables measure the means of data colledty a firm and its
collaborator(s). These are made up of four varghilee institutional (professional bodies,
public institutions,etc) and horizontal (competitors and allies) sourcethe firm; and the
personal (friends, familyetc) and professional (associations, trade unietts) sources of the
individuals working in the company. The items araveh from articles by Boyer (2016) and
Georgeet al (2014).
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The Customer relationshipmacro variable assesses the impact of data orirtke and
exchanges maintained between a dealer and itsncesgo It is made up of four variables:
relational quality (response to needs, truedt;), delivery times (timeliness, duration of
deadlinesetc), follow-up (claims management, assistanete,) and customer satisfaction
(measurement tools, reduction of complaiets). These items are mainly drawn from articles
by Brulhart and Moncef (2010) and Samani and Modhad(2014).

Finally, theData miningmacro variable evaluates the organizational usbeotiata collected
by an automobile dealer. It is made up of threeéabées: flexibility (modification to offers,
distribution, etc. caused by data utilizatiaic), cost control (improvement of forecasts,
reduction of costgtc) and human resources (employee involvement, ntasivigarticipation,
etc). The items are mainly drawn from an article byang (2013).

Control variables

The Diane database provided four control variatde®mplete the stud¥irm size(effective),
Sales revenydotal assetsind theSeniorityof the firm.
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Table 2. Tests of variables (PCA and CFA) Al RI P
2 2,
Macro variables Variables MW IR o f 1 GFI > _SAGFI R:'\AOR R<MOS§£A‘ NFI_| REI] EC g.ls [ e [T 24 J%dl
Quality PCA 0.74¢ 0.787
Development Sale: CFA 0.71: 0.86: 0.47¢ 0.99¢ 0.9¢ 0.007% 0.001 0.99¢ 0.99¢ 1 1.00¢ 1.01¢ 0.23%
Opportunitie CFA 0.641 0.801 1.€ 0.99: 0.9¢ 0.01% 0.001 0.991] 0.972 1 1.001 1.00Z 0.9t
. Reduce CFA 0.33: 0.7% 4
Velocity High CFA 031 082, 9.1 0.974 9.31 0.068 0.036 0.968 0.931 0.905 0.999.991 1.137
Variety PCA 0.65¢ 0.7¢
Low CFA 0.25:% 0.84¢
Volume Standar CFA 0.27¢ 0.961 4.6 0.987 0.953 0.042 0.081 0.989 0.972 0.99 0.989.958 0.766
High CFA 0.241 0.82:
. Institutiona CFA 0.401 0.687
Firm sources Horizonta CFA 0.35¢ 0.60¢ 1.197 0.995 0.947 0.029 0.042 0.986 0.9119 0.998®.998 0.986 1.197
Persone CFA 0.40¢ 0.741] ]
Collaborator sources Profession: CEA 027 0E 1 0.997 0.987 0.018 0.001 0.991L 0.978 1 1.029 1.076 0.2
Relational qualit PCA 0.71¢ 0.86¢
Customer relationship Delivery time: CFA 0.641 0.80¢ 24 0.98¢ 0.94: 0.02¢ 0.04¢ 0.98¢ 0.95¢ 0.997 0.997 0.992 1.2
Follow-up CFA 0.69¢ 0.85¢ 0.1 1 0.99¢ 0.00: 0.001 1 0.99¢ 1 1.00¢ 1.02¢ 0.0
Customer satisfactic PCA 0.87¢ 0.8¢
Flexibility PCA 0.58¢ 0.82:
Data mining Cost contrc CFA 0.67: 0.83: 2.t 0.98¢ 0.94 0.01¢ 0.061 0.98¢ 0.96¢ 0.99¢ 0.99¢ 0.98¢ 14
Human resourct PCA 0.72¢ 0.907

Notes: PCA = principal component analysis; CFA =nfionatory factor analysis; Al = absolute indiceR|= related indices; IP = indices of parsimony; M¥methods withheld; IR = information restitued=
Cronbach’s alphay? = Chi? GFI = goodness-of-fit index; AGFI = adjusted gamss-of-fit index; RMR = root mean residual; RMSEmot mean square error of approximation; NFI =mmaed fit index; RFI =
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3.2 Data processing

Principal component analysis (PCA) and confirmattagtor analysis (CFA) allowed the
variables to be constructed and validated accorthngeveral indicators (Cronbach’s alpha,
absolute indices, etc.), whose acceptability thokishand results are set out in the Appendices
(see Table 2). Groups of firms with distinctive fles were then formed using k-means
clustering. Euclidean distance and CPA or CFA fastores assessed the proximity of groups
to minimize the existence of relationships betwd#envariables. Based on the factor scores,
the analysis of variance (ANOVA) confirmed our tiqmy.

The explanatory powers of the factorial axes (E}&sd their meanings were also calculated.
Discriminant analysis validated the results of thligssification and the barycenters of the
groups were measured. Based on the 3Vs model (1.208y), the analysis of the three macro
variables regarding the type of data utilizatioal(vne, velocity and variety of data) identified
three groups of firms linked to two discriminatdmwnctionsMultiple comparison tests (MCT)
(t-test, Tukey where n is uneven, Scheffe teststleagnificant difference [LSD] and
Bonferroni) distinguished the involvement of theogps with respect to the three macro
variables. To conclude, a multiple regression amslyf ascending stepwise regression
(produced by taking into account the three existemgerprise groups) identified the
explanatory variables of the dependent macro viri@evelopmentby reducing the risk of

their collinearity.

4 Results

4.1 Three groups and two discriminant functions identifed

The Volume, Velocity and Variety macro variableslgled typological analysis to analyze the
various data utilization policies conducted by FEteautomobile dealers. Barycenter scores are
shown in brackets (G) below. To reiterate, we usetkeans clustering to create the groups of

firms.

Composed of 12 small businesses, e datagroup is defined by data that are not very
voluminous (G = 0.546), not very varied (G = -0.b4Ad whose operating velocity is neither
reduced (G =-0.545) nor high (G =-1.643).

Composed of 75 medium-sized businessesBie&atagroup is defined by data that are very
voluminous (G = 0.152), very varied (G = 0.336) avitbse operating velocity is high (G =
0.221).
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Composed of 25 small businesses, $imeart datagroup is defined by data that are small in
volume (G = 1.193), not very varied (G = -0.8113l avhose operating velocity is high (G =
0.127).

The above classification has a discriminatory poe#e€d6.88%. According to the Fisher’'s and
Wilks’ lambda tests we conducted, telume,Velocity and Variety macro variables best
discriminate among firms. Two discriminant funcsofwith 87.20% discriminating power)
were identified as a result of the analysis. Thetended data exploitatiorunction
characterizes thBig datagroup with positive scores for managing a highuaw and variety
of data. Thelntelligent data exploitatiorfunction characterizes th®mart datagroup with

positive scores for a high reaction velocity inp@sse to a mainly low data volume.
4.2 Characteristics of data utilization and automobiledealer development

What are the distinctive features of the relatimpdetween firms’ development and the data
utilization for each of the groups? The signs far barycenters (G) and the significance levels

of the Fisher’s, Student’s, and multiple compari§ontests are shown in brackets below.

Analysis of the barycenters reveals thatNleedatagroup uses its data to focus specifically on
the quality of its offers (G > 0) compared to thbes groups. Instead, tH&g datagroup
accessses new opportunities through its data attdtz (G > 0). TheSmart datagroup
distinguishes itself through the development ofsiites thanks to data (G > 0). Finally, the
Fisher's tests underline a significant differeneze<(0.05) among the three groups of dealers

regarding the three areas of development analypeglify, sales and opportunities).

In the context of the MCTs, thH&ig datagroup differs from th&lo datagroup in terms of the
impact of data on offer quality (p < 0.005), safps< 0.005) and access to new business
opportunities (p < 0.05). In addition, tBenart datagroup is particularly different from thdo
data group with regard to the role of data in the gwyatif its offer (p < 0.005). When we
combine theBig dataand Smart datagroups, the Student’s t-test indicates that tlei set
differs from theNo datagroup in terms of the three forms of developmertiyzed (p < 0.05).
To clarify this analysis, we focus on the MCTslud items related to each of the variables.

For theQuality variable, the itemsWith data, your company reduces retdraad 'With data,
your company reduces the defect tamglicate that th&ig datagroup differs from th&lo data
group (p < 0.05). As for the itenThanks to data, your company is improving the dquali its
offerings, theBig data(p < 0.001) andmart datap < 0.05) groups differ from thdo data
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group. When we group together firms that have a détization policy, the Student’s t-test

indicates that this new set differs from the datagroup (p > 0.01) for these three items.

For theSalesvariable, the itemsYour data allow you to better achieve your salgedives,
“Your data allow you to increase your sdlesid “Your data allow you to better face the
competitiori underline that théig datagroup differs from thé&lo datagroup (p < 0.05). As
for the item Your data allow you to stimulate demand more dffelst, the Big data(p <
0.001) andSmart data(p < 0.005) groups are again different from K datagroup. When
we group together firms that have a data utilizapolicy, the Student’s t-test indicates that
this new set differs from thido datagroup (p > 0.01) for these four items.

Finally, for theOpportunitiesvariable, only the itemData help your company to improve its
work processes (organization of tasks, deadlinedgbts, etc’)indicates that thdéBig data
group differs from théNo datagroup (p < 0.05). When we group together firmg theve a
data utilization policy, the Student’s t-test rapahat this new set differs from tiNo data
group (p > 0.01) for this item.

In contrast to automobile dealers who do not altiseanage their datd datagroup), those
who deploy a big data or smart data policy faver development of their business to benefit
from the quality of their offer and offer dynamilas and access to business and management
opportunities. Our hypotheses H1, H2 and H3 amxefore, validated. However, it appears
that a ‘massive’ data utilization policy (big dats) oriented more towards the overall
improvement of existing development activities apmkrating methods, while smart data
utilization is more focused on preparing future raiens concerning sales and the quality of

offers.
4.3 Determinants of dealers’ development according ttheir data utilization

For each group of dealers, the stepwise regressadel examines alternately tiality of
offers, Salesand newOpportunitiesas dependent variables (see Table 3). For sirmpliee

only produce the significant results for tBg dataandSmart datagroups in this section.
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Table 3. Stepwise regression analysis

Dependent variable : Quality
Independent variables No data Big data Smart data
Flexibility -0.351 (*)
Satisfaction 0.737 (*) 0.249 (***) 0.485 (*)
Opportunities 0.864 (*) 0.378 (*)
Delivery times 0.294 (*)
R/IR%R? aj. 0.989/0.977/0.960.767/0.588/0.5710.661/0.437/0.41
Fisher tests 115.413 (*) 33.792 (%) 17.873 (*)
(*) =p<0.001; (**) =p<0.01; ***) =p<0.05

Dependent variable : Sales

Independent variables No data Big data Smart data
Satisfaction 0.722 (*) 0.272 (**)
High velocity 0.557 (**)
Personal sources 0.266 (***) 0.158 (**)
Relational quality 0.329 (**) 0.591 (*)
Opportunities 0.356 (*) 0.198 (***)
Flexibility 0.446 (**)
Cost control -0.207 (**)
R/IR?R? aj. 0.963/0.927/0.890.860/0.740/0.7260.987/0.878/0.854
Fisher tests 33.766 (*) 49.908 (*) 36.083 (*)

(*) = p <0.001; (**) = p < 0.01; (**) = p < 0.05

Dependent variable : Opportunities
Independent variables No data Big data Smart data
Quality 0.843 (*) 0.268 (*)
Satisfaction 0.202 (**)
Standard volume -0.137 (**)
Sales 0.428 (*) 0.828 (*)
R/R?/R? aj. 0.888/0.788/0.766 0.843/0.710/0.69360/0.578/0.55
Fisher tests 37.099 (*) 42.841 (*) 31.452 (*)

() = p <0.001; (*) = p < 0.01; (***) = p < 0.05

4.3.1 Qualityrelated to data

For theBig datagroup: increasing customer satisfaction, delivemes and exploiting new

opportunities increases the quality of the offers.

For theSmart datagroup: here too, the increase in customer satisfaccreases the quality

of the offers.
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4.3.2 Salesrelated to data

For theBig datagroup: increased customer satisfaction, custoslationship quality, new

opportunities and personal sources are associatkedhigher sales.

For theSmart datagroup: increased customer relationship qualityy opportunities, firm

flexibility and lower cost control are correlatedtwhigher sales.
4.3.3 Opportunitiesrelated to data

For theBig datagroup: an increase in customer satisfaction, ttadity of offers and sales and
a drop in the standard volume of data are assalorth the development of new opportunities
exploited by a firm.

For the Smart datagroup: An increase in sales is linked to the dmwelent of new

opportunities exploited by a firm.

To conclude, we note that the control variablem( size, Sales revenaedTotal assefshave

no causal links with thBevelopmeninacro variable

5 Discussion

What are the impacts of data utilization on thealiggment of SMEs in French automobile
distribution? Our work answers this question byegding the existence of various digital
policies that influence, each differently, the dgtyabf retailers' offers, the dynamism of their
sales and their access to new business opporsiaitieinternal organization. In this sense, our
hypotheses H1, H2 and H3 are validated. Howevelifiadal knowledge regarding our initial

theoretical model is provided by our empirical stud

The SMEs studied distinguish themselves througllé&péoyment of programs whose volume,
velocity and variety of use of data diverge. Thalgsis of their digital management

distinguishes three groups according to the thmeeelsional 3Vs model (Laney, 2001): no
data dealers, who do not practice any form of mamemt; dealers who practice a form of big
data; and those who practice a form of smart dataig data policy is characterized by the
management of a large volume of data, which is ligbly varied and has a high operating
velocity. Such a firm uses a variety of recent altldata (texts, figures, images, etc.) in real

time and on an ongoing basis to guide its decisiarigch are always instantaneous and
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continuous. Conversely, a smart data policy is th@sea smaller volume and variety of data,
which are exploited in both fast and slow time femmThus, smart data mobilize specific and
contextualized data to a problem, domain, etc.leAtig data reveal a more global and general
approach. A smart data SME is also differentiatgdtd ability to continually or punctually
inform itself and then make either instantaneowsederred decisions. This management mode,
characterized by the mobilization of data that moelonger ‘massive’ but ‘intelligent’, is
specific. Managers are, therefore, able to mobtha# data quickly, depending on the level of
exploitation and decision making required. Moreover data group is mainly composed of
agents, garages or dealers. Itis interestingtthat when we compare the Big data and Smart
data groups with the No data group, the proporibdealers is higher and the proportions of
garages and agents are lower. Therefore, dealens sebe more sensitive to a form of data
utilization that is focused on the volume, variahd velocity of data.

Smart data present, therefore, a more complex amahaic nature than big data. Nevertheless,
our results underline that these two types of digiolicy have a positive impact on the
development of SMEs in automobile distribution. Quamed to a lack of data utilization (a no
data policy), their deployment significantly impes/the quality of their offers, the dynamism
of their sales and their access to new business oagdnizational opportunities. More
specifically, the issue of quality is particulangportant for dealers, whether or not they have
a digital policy. Data utilization is, thereforepgically dedicated to optimizing quality.
However, quality appears to be a more central iksug smart data program, which is focused
on improving future offers. In turn, a big datagmam is oriented more towards optimizing the
ongoing operations linked to existing offers (swadh reducing returns and defect rates).
Optimizing smart data is thus confirmed as a mpeeiic and strategic policy than big data,
which, in turn, intervenes more operationally andrenbroadly in all areas of a firm's
development. This is also true in the sales arealdds are almost the only category with a
vision and a global offer for customers. They eottfeom big data or smart data current and
prospective analyses of markets and customer nEedslealers, therefore, data utilization is
a more important issue than for the other firm gaties. Big data support dealers’ sales
promotion by improving their ongoing commercial dmpment (helping them to reach their
objectives, increase sales, etc.). Smart datanstead, used to stimulate future demand. While
‘massive’ data are used to support ongoing salest&f ‘intelligent’ data are focused on

preparing plans to attract potential customersalBinthis operational dimension of big data is
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once again emphasized through its influence onntipepovement of existing work processes
(e.g. the organization of the tasks, deadlinesgbts] etc. of the automobile dealer). For their

part, smart data are not particularly focused endtyanizational area of an SME.

However, despite their different natures and fiedflsntervention, big data and smart data
policies operate certain common levers to incrahsedevelopment of SMEs automobile
dealers. Thus, customer satisfaction and the guaflithe relationship with the dealer appear
to be two major determinants targeted by digitdicpes. For example, regular and privileged
exchanges with customers are particularly stremgtieand directly influence dealers' sales,
regardless of the nature of their data utilizatidavertheless, it appears that relational quality
is particularly mobilized and influential in comne&l action during a smart data program. As
part of a big data policy, sales growth is stimedaby the identification of new business
opportunities and internal organization for thenfitOpenness to new sectors and territories or
the development of new ways of working within SM&&voured more by the exploitation of
‘massive’ data and less so by the exploitation infelligent’ data. The generalist and
operational approach of big data certainly helpgetoerate a better global analysis of existing
opportunities related to the intra- and inter-orgatonal environments of small dealers. For
its part, a smart data policy is positioned in aengroactive and strategic role, enabling the
SME to act flexibly with respect to performanceules (such as modifying the design,
production and distribution of offers). The feedb@enerated by sales improvement is then
exploited using intelligent data to offer new deprhent paths to the automobile SME. For
example, the stimulation of demand by a smart gedgram is used for the future expansion
of its offers or for opening new markets. Therefosbile big data and smart data have a

positive impact on the development of SMEs, théfedin the manner of the impact.

6 Conclusion

In a period in which data are becoming increasirgghategic for firms, a large majority of
SMEs in the French automobile distribution sectavendeveloped big data or smart data
policies to support the development of their bussn@he quality of their offers, the dynamism
of their sales and their access to new businesséerthal organization opportunities are thus
encouraged by the management of ‘massive’ or ligeit’ data. However, while the influence
of these digital policies on SMEs’ developmentnsphasized by our empirical study, it also

tells us about their differentiation in terms ogithrespective natures, fields of intervention and
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means of action. In this sense, a big data polesebbps a ‘massive’ exploitation of data in
order to improve rapidly and globally all the donsrelated to SME development. It therefore
intervenes both in the quality of the offers, thées volume and the opportunities to be seized
by the dealer. It is through the operational andrtsterm improvement of existing SME
operations that big data bring added value. Coegra smart data policy is used in a more
precise, forward-looking and strategic approachs fitobilizes small and specific samples of
data to prepare, within varying timescales, thengka to be made in certain targeted

application areas (such as improving the qualitgftdrs and sales dynamism).

The managerial contributions of this research atated to the awareness that the decision
makers in small car dealerships require to impldanaedata policy in their organization to
improve the quality of offers, the dynamism of sad&d access to new business and internal
organization opportunities. Consequently, the te@inand organizational difficulties
associated with data utilization should no longeraln obstacle to their use. In our study, a
minority of small French car dealerships do notdesta to develop their business. Overall, the
reluctance to use this technology (perceived asgb&bo complex) seems to have been
overcome by small organizations and their leadgpgar to have realized the need to leverage
data to grow their business. The awareness ofidaaisakers is all the more important as their
involvement is decisive for the success of suclagproach within an SME. However, SME
decision makers must also understand that it isssagy to manage data differently depending
on whether they want to improve the quality of tledfers, the dynamism of their sales or their
access to new business and internal organizatiparamities. Each data policy has a different
impact on the development of a small car dealer§foplemonstrate this, our study presents a
typology of data policies and their impacts in ortte guide the choice of decision makers.
Decision makers will then be able to give theiramgation the capacity to identify, mobilize
and configure an adequate volume, variety and uglot data according to the nature of the
developments they desire. Furthermore, they wilable to implement the actions necessary

to develop several data policies based on varigiiotheir developmental aims.

In light of the above, our study presents severthadological and empirical limitations that

need to be taken into account when reading itslteedtirst, we propose a static approach
(rather than one that is process-based) to thegohemon because our method is quantitative.
Second, our questionnaire consists of intuitivengehat produced subjective statements from
the respondents (although we avoided quantifyiegné that could result in a large number of

non-responses). Finally, our analysis remains cehmggrsive but future work could focus on
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aspects such as the tension that may emerge betmaerrfacturers and dealers regarding data
governance or the influence of the digital polioies have characterized on the development
of each of the automobile distribution activitie®y and used vehicle sales, parts sales, and
after-sales).
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Appendix

Questionnaire

Macro-

. Variable
variable

Item

Quality

With data, your business...

...maintains the quality of its offers.

...improves the quality of its offers.

...reduces the defect rate.

...reduces the rate of returns.

Development Sales

Your data allow you to better...

...stimulate demand.

...increase your sales.

...face the competition.

...achieve your sales goals.

Opportunities

Data help your business to...

...develop new ways of working (methods, tools).etc

...advance its current offerings.

...open up to new markets (industry and/or country)

...improve the work processes (organization ofgadkadlines, budgets, etc.).

Reduced

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

...in a discontinuous flow (punctually).

...in deferred time (after a certain delay).

So your data help you make decisions...

...in a discontinuous flow (punctually).

Velocity

High

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

...in real time (instantly).

So your data help you make decisions...

...in a continuous flow (permanently).

...in real time (instantly).

Variety

Your company USes...

...several types of data (encrypted data, textages, videos, etc.).

...old data (more than a year).

...recent data (less than a year).

Low
Volume

According to you, your company COLLECTS...

...a "low" volume of data per year (one or more EBms, USB storage keys
etc.)

According to you, your company PRODUCES...

...a "low" volume of data per year (one or more EBms, USB storage keys
etc.)

Standard

According to you, your company COLLECTS...
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...a "standard" volume of data per year (one or enstorage hard drives).

According to you, your company PRODUCES...

...a "standard" volume of data per year (one or exstorage hard drives).

High

According to you, your company COLLECTS...

...a "large" volume of data per year (one or mai@age servers).

According to you, your company PRODUCES...

...a "large" volume of data per year (one or mai@age servers).

Firm
sources

Institutional

Generally, you collect data from...

...professional organizations (federations, cluds,).

...public bodies (ministries, INSEE, communiti¢s,)e

Horizontal

...from your competitors.

...your allies (partnerships with competitors).

Collaborator
sources

Personal

Personally, you collect information through your rdationships...

...with former classmates.

...with friends.

...with family.

Professional

Personally, you collect information through your rdationships...

...with members of your association.

...with members of your union.

Customer
relationship

Relational
quality

Your data allow you...

...to provide a faster response to your customers.

...to interact regularly with your customers.

...to have a relationship of trust with your custom

...to build a long-term relationship with your casters.

Delivery
times

Your data allow you to better...

...deliver at short notice.

...meet delivery times to customers.

...fulfil certain urgent or exceptional shipments.

...deliver your products intact.

Follow-up

Your data allow you...

...to work on your customers' complaints.

...to seek to better involve your customers in yamtivities.

...to facilitate customer access to your custom@psrt.

...to deal with unexpected requests or events.

Customer
satisfaction

Your data allow you...

...to reduce complaints from your customers.

...to nurture the trust of your customers.

...to ensure a high rate of "customer satisfaction"

...to measure customer satisfaction.

...to increase customer satisfaction.

Exploitation

Flexibility

With data, your business is able to be quicker athanging...

...its production volumes (up or down).

...its means of production (materials, suppliegamization of work, etc.).

...the conception of its offers (characteristicssign, etc.).
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...its marketing decisions (What do | sell? How mdo | sell? Where do | se
it?).

...the distribution of its offers (deadline, voluraetc.).

Cost control

With data, your business...

...keeps costs down.

...improves the costing of budgets.

...improves the management of costs linked tcciisity.

...reduces costs.

Human
resources

Data help your business improve...

...the involvement of its collaborators.

...the satisfaction of its employees.

...the exchange of knowledge among its employees.

...the participation of its employees in meetirgggnts, projects, etc.

...the motivation of its employees.
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