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Abstract— The present study analyses the potential of digital transformation to stand as a critical engine of competitiveness for traditional
retail firms in China in the digital age. The research focuses on the relationship between two digital capabilities namely employees analytics
and data-based decision making and two indicators of business performance in the digital world namely digital innovation dynamic and
sales. The two-way MANOVA analysis was performed to analyze both individual and interaction effects of employees analytics skills and
data-based decision making on digital innovation and sales performance. The result revealed non-significant multivariate and univariate
impact of employees analytic skills on both digital innovation and sales while data-based decision making was found to exert a significant
multivariate and univariate effect on the two outcome variables. Following up the significant multivariate effect, the discriminant function
analysis revealed that sales performance considerably differentiated the different groups of data-based decision making.

Index Terms— Digital transformation, data-based decision making, digital innovation dynamic, employees analytic skills, data-based

decision making, sales performance, traditional retail firm in China.

1 INTRODUCTION

Being largely used in the business context, digital transfor-
mation is also widely related to many other organizations in
China such governments and private entities, in this study the
term digital transformation will be related to the business per-
spective with focus on enterprises. According to [1], through
the implementation of a culture of solid digital entrepreneur-
ship China is expecting the fastest digital gains growth with
US$527 billion against US$421 billion for the US and
US$146billion for Japan. Core Chinese industries are already
reaping the benefits of their digital transformation initiative,
and their digital output could growth by 1.6 by 2020. Accen-
ture presented the Digital output of the six core industries in
China. Consumer Goods and Services ranked third with
US$ 169 billion, Natural Resources second with US$ 188 bil-
lion, Auto, Industrial Equipment, Infrastructure and Transport
ranked first with US$ 240 billion. Chinese consumption of dig-
ital technologies is leading to a shift in customers behavior
pushing Chinese organizations to highly engage in digital
transformation creating new opportunities. Realizing the po-
tential of digital transformation for both public and private
sector, the Chinese government implemented a "Digital China"
plan. Through various national programs, the plan focuses on
supporting industries and organizations in their digital trans-
formation journey. Digital transformation is spreading around
impacting all industries from manufacturing to banking, fi-
nance, health-care, utilities and so on. Yet the Retail industry is
one of the faster changing in China. Digital transformation has
a deep impact on the human element in organizations and its
success relies on the digital agility of workers. This implies an
efficient use of digital technologies and implementation of
new strategies to better serve digital customer needs 26]. On
the other hand, the introduction of new and fast-changing
digital technologies in an organization usually crush with em-
ployees existing skills and capabilities, not in accordance with
digital capabilities of the new ecosystem [16, 56]. Digital capa-

bilities are skills that are needed to surpass simple information
technology to include a wide range of digital constructs such
as social media, mobile, and analytic skills to reap business
value from big data. In the developing digital world, digital
capabilities are key engines of business performance, they are
key elements in reacting competition and the basis upon
which organizations can develop existing products and ser-
vices. Digital capabilities include the ability to build, integrate
and reconfigure the organization’ competencies to better ad-
dress the digital changing ecosystem [34]. while employees of
digital maturing companies are developing the digital re-
quired skills those of companies at the early stage of the jour-
ney experience more challenge to develop digital skills Kane
et al. [33]. Capgemini Consulting and MIT Sloan [9] in a global
survey reported that digital capabilities level and maturity
differ across industries, high tech reported 38 % of digital ma-
turity, 35% for banking, industry 12% and pharmacy 7%. as
the human element and precisely employees are the key com-
ponents of the organization, they constitute the organization’s
DNA just like the blood for human beings, it appears that
powerful or successful business in the digital world goes
along with the agile digital workforce. This study analyzes the
potential of two digital capabilities namely analytics skills and
data-based decision making on the performance of retail firms
in China.

Despite the growing upshot of digital transformation in the
Chinese retail industry, precedent studies tend to focus on the
impact of big data on organization performance, while no em-
pirical research emphasized the human element providing
evidence of the role employees analytics skills and data-based
decision making. This study covers this gap providing empiri-
cal evidence of the individual impact that both employees ana-
lytics skills and data-based decision making exert on enter-
prise performance. Furthermore, the present research consid-
erably brings a new motion to the existing literature by ana-
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lyzing the interaction effect of both employees” analytics skills
and data-based decision making on organization digital inno-
vation and sales performance.

In order to provide deeper insight, the remainder of the pre-
sent study draws on the following structure: First, the litera-
ture review on the new skills of the digital age is presented
leading to the formulation of our research hypothesis. The
subsequent sections comprise the presentation of our research
methodology, followed by the data analysis, result’ s interpre-
tation, discussion and finally our conclusion.

2 LITERATURATURE REVIEW

2.1 Employees analytics skills and firm performance
there should be a fit between individuals” skills and abilities
and the requirements of their job [21]. When employees have
the skills needed to fulfill job demands, they are more likely to
perform at a higher level and are more highly committed to
the organization [5]. From the information processing research
stream initially introduced by [32, 42], Organizations face
huge challenges related to the characteristic of data high in
volume, velocity, and variety [31] and the use of analytics [19,
18, 17]. In the digital world, data are overwhelming and it be-
comes difficult for organizations to comprehensively process
in-flowing information [22]. Such challenges obstruct their
ability to effectively harness the economic value of business
analytics [10]. It appears that traditional systems cannot catch,
store, treat and analyze high variety, high velocity and large
volume data [14, 52]; rather, this requisite innovative and new
patterns of information processing talents. Based on the in-
formation processing research stream, it is supported that new
skills such as information processing capabilities are needed in
order to overcome these challenges and [10] pointed that these
new capabilities create value and positively impact the effec-
tiveness of decision making in organizations. The information
processing perspective puts emphasis on the necessity of fit-
ting information processing skills with the information pro-
cessing needs of the digital era. Wang et al. [23] substantiate
this view posing that there is a positive relationship between
information processing abilities and performance. Conse-
quently a firm is expected to experience more effectiveness
whereas its information processing skills are adjusted to its
information processing requisites [42]. In the digital age, ana-
lytics skills are vital as they increase customer understanding
which is a key driver of retail business success, retailers can
obtain high benefits from getting more insight of changing
customers of the digital world [15]. The capacity to obtain and
analyze customer information is fundamental for building
strong customer loyalty as using even offline research tools,
customer delivers mass information that can be used to under-
stand their interest and preferences meanwhile leading to the
creation of impacting customer experience that will increase
sales [4].

From the resource fit view [38], It is supported that through
data analytics brings value on firm performance [40], better
capture of this value requires an association of various organi-
zational resources such as the data itself, the analytic tools and
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most importantly the employee's analytic skills [38]. Accenture
[1] defined employees analytics skills as the employees capaci-
ty to find, manage, manipulate, analyze and interpret data.
Despite existing challenges related to their analytics invest-
ments, increasingly companies acknowledge that analytics
talent such econometric skilled, statistical experts and decision
scientists remain the most difficult to find and yet constitute a
prerequisite to effectively compete in nowadays market place
and furthermore they believe that these capabilities can allow
them to reach a high level of differentiation, generate prescrip-
tive and predictive insight [1]. Analytics skills are accessed as
being among of the most important skills in the 21 century [14],
they enhance the firm ability to comprehend the new digital
world [41], allow insight and hidden information discovery
and it has become a powerful construct that increasingly com-
panies are leveraging to gain competitive advantage as it
brings the opportunity to obtain more accurate details about
their clients, their preferences, personal information, shopping
behavior, all usable as catalyst to lunch new products and
boost sales [53].

Hypothesis 1: Employees analytics skills have a positive im-
pact on firm digital innovation and sales performance

2.2 Data-driven decision making and firm performance
The digital transformation going along with the evolution of
information technology, big data, and business analytics, has
contrived a new level of decision making in firms, allowing
leaders to have a deeper view of their organizations and busi-
ness activities [18]. Cao et al. [10] defined data-based decision-
making as the extent to which a business is willing to adopt
new ideas challenging current processes, practices and based
on data- insight. Data based decision process allows firms to
reach a high level of flexibility [51], and significantly reduce
costs [10]. In the digital world, enterprises are leveraging data-
based decision strategies to gain economic benefits and en-
hance innovation [53]. Data management skills are vital for
firms in the digital age as turning data into valuable business
information has the potential to increase business efficiency
Westerman et al. [54]. Data based decision-making and data
mindset help to vanish the organizational impediments and
barriers that obstruct information sharing, tighten relation
with customers, draw deeper customer insights, increase mar-
ket power and drive profitability [1]. Moved towards data-
driven and information insights, the new shape of decision-
making leveraged through digital transformation brings forth
the proliferation of opportunities, generates value, develops
competitive advantage, increases enterprise efficiency and
most importantly leads to the creation of new products and
services for customers [50, 19, 47].

Hypothesis 2: data-based decision making has a positive im-
pact on firm digital innovation and sales performance
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2.3 Integration of Analytics skills and data-based
Decision making for firm performance

Based on business analytics perspective [20], information pro-
cessing capabilities of an organization can be defined as the
firm ability to prehend, incorporate and information and data,
and use the gained insights in the context of corporate deci-
sion-making. Premkumar et al [27] argue that the synergy of
information processing requisites, information processing
skills and information-based decision making has an eviden-
tiary effect on firm performance. Capitalizing analytics relies
on hiring analytics skilled employees, but the challenge for
leaders remains about how can organizations make them pro-
ductive [53]. Analytics skills do not generate business value on
their one and their business influence lies on many other re-
sources and constructs of the firm [44] such decisions making
Radhakrishnan et al. [46]. The study of Accenture [1] suggests
an integrated analytics journey strategy starting with detecting
the business issue, defining the appropriate analytics talents
and finally re-engineering the decision making apparel
through the spreading of analytics skilled employees into
business unit to enhance the use the analysis results and in-
sight. Analytics skills find their real value only once their are
integrated and took into consideration to make intelligent de-
cisions [53]. The arduous challenge firms meet in their analyt-
ics journey is not truly related to the hiring of analytics skilled
employees, but rather on infusing, tying and fitting analytics
into decision making practices as this strategic integration of
both can deliver greater business value, increase organiza-
tion’s performance, reduces risks, drive customer loyalty and
increase the firm ability to innovate in the digital world [1].
Hypothesis 3: Employees analytics skills and data-based deci-
sion making have an interaction effect on firm digital innova-
tion and sales performance

3 METHOD

3.1 Participants

Our research was carried among retail firms across China,
selected companies were all born before the 2000s and includ-
ed Chinese owned, foreign subsidies and Chinese foreign-
owned business. Data collection was supported by survey
conducted from March to Mai 2019, with management assis-
tance and support of a retail digital transformation organiza-
tion, questionnaires were addressed to top leaders, in some
cases to chef of human resources or to chief digital officers. On
a voluntary basis companies leaders completed the survey and
were asked to describe the level of their employee's digital
capabilities. The survey was anonymous and the question-
naire did not require leaders to provide their personal identifi-
cation or any other identifying information of their firm except
the geographic localization and their branch of activity.

3.2 Measures

Our study is built on four variables, among which two inde-
pendent variables representing digital capabilities namely,
data-based decision making and employees analytic skills. For
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leaders to describe these abilities in their firms, 1 to 5 meas-
urement scale was used, 1= “very poor” level of employees
digital capabilities and skills, 2 = “ poor”, 3 = “average” level,
4 = “good” level and finally 5 = “very good” level of employ-
ees digital skills. Digital innovation dynamic and sales per-
formances represented our two dependent variables. For digi-
tal innovation performance and sales performance, 1-5 meas-
urement scale was used where 1= “very poor”, 2 = poor”, 3
= "average”, 4 = “high”and 5 = “very high”.

3.3 Analysis procedures
This study is built upon a two steps procedure.
1) Two-way MANOVA: Addressed firstly by Wilks [55], the
MANOVA procedure is nowadays widely recognized and
frequently used in diverse research spheres ranging from so-
cial science to biology [58, 11]. Two-way MANOVA analysis is
a multivariate analysis of variance testing the hypothesis that
two or more predictor variables have impact on a group of
two or more outcome variables [3] with the primary purpose
of detecting and understanding the simultaneously or the in-
teraction effect of the predictor variables on the dependent
variables [48]. Precisely in this study, the two way MANOVA
analysis allows us first to analyze the individual impact of the
independent variables on the two dependent variables, second
to analyse the interaction effect of predictors on the dependent
variables [37], third by the use of the contrast analysis to eval-
uate the difference across groups [24] in terms of digital inno-
vation and sales performance based on their level of digital
capabilities. When having numerous dependent variables,
researchers can decide to perform just one multivariate test or
to run few numbers of multivariate test [3, 28, 29, 30] dis-
cussed further this issue. This study uses IBM SPSS Statistics
23 to run two-way MANOVA analysis. The Two-way
MANOVA analysis is performed for data-based decision mak-
ing and employees analytic skills on the dependent variables
digital innovation and sales performance. Alan Taylor [3] sug-
gested a method of calculation of the effect size based on the
idea that the following formula [(1 - Wilks' Lambda) * 100]
could be considered, but [13] supported that this value in intu-
itively stupendous and thus imparted other measures among
which the Partial Eta squared 1?, retained as measure of effect
size in this study and significance of these effects will be based
on “p”value.
2) Discriminant Function Analysis: Kieffer et al. [36] support-
ed that most of the researchers who used MANOVA also used
univariate F tests, Tukey tests and Scheffé as Post-hoc analyses,
but [57] found that these approaches focus on group differ-
ences while failing to take into account the contribution of the
outcome variables, for this reason, authors such [46] strongly
disdained researchers who simply used separate univariate
test after a significant multivariate. Further, [49, 8, 6] all agree
that the discriminant function introduced by Fisher [25] could
be considered over F test as follow up of significant result of
MANOVA. Considering all the precedent the Discriminant
Analysis appears to be the best way of following up significant
MANOVA analysis [24], it allows to analyze group differences
with regard to a set of outcome variables [43] and through
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only one procedure it provides the possibility to detect the
variables that contribute the most to separate the predictor
groups [57] and Garry Chick 2010). Discriminant Analysis
Function will be carried in this study and will allow under-
standing how the dependent variables digital innovation and
sales performance individually discriminate the different
groups of Data-based decision making. Discriminant analysis
function will not be performed for employees analytics skills
due to insignificant univariate and multivariate effects.

4 RESULT

4.1 Assumption of multivariate analysis

1) Dependant variables measurement and Test of normality.
The first assumption of two-way MANOVA is related to the
measurement of the dependent variables as they are required
to be continuous but Laerd [36] indicated that if the measure-
ment scales have five values the data can be thus treated as
continuous. Table 1 of descriptive statistics show that both
digital innovation and sales performance are based upon five
scales measurement. Table 2 exhibits the normality test output
where all the results are statistically nonsignificant with re-
gard to the p values all greater than 0.5, so we assume normal-
ity and we can stand that digital innovation and sales perfor-
mance are both normally distributed. Additionally, looking at
the residual statistics in table 3 we can see that the maximum
Mahalanobis distance value is equal to 13.38. As the critical
value for Mahalanobis distance value is 13.82 we confirm the
normality because 13.38 < 13.82.

TABLE 1
DESCRIPTIVE STATISTICS

N Miimmm | Maxinmm | Mean Std. Deviation
Sales performance 300 |1 5 2121 406
Digital innovation Parformance | 200 | 1 5 204 1150
Ermplovess Analwtic Skills 300 |1 5 2406 1.203
Dats Based Decision hMaking 00 |1 5 215 1221
TABLE 2
TEST OF NORMALITY
Kelmogoros-Smimos Shapiro-Willk
Statistic df Sig. | Statistic daf Sig.
Digital Imevation Pedformance | 237 300 2| 13 300 A1
Salas Parformance A58 300 2020 497 300 563

a. Lilliefors Significance Correction
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TABLE 3
RESIDUAL STATISTICS?
Minimum Maximmm | Maan Std Deviation | N
Mazhal. Distance 378 13.389 1993 2416 300
TABLE 4
CORRELATIONS
Digital Innovation Parformance Salas Parformance

Digital Inmovation Performance | 606"
Sales Pedformance BUE 1

**. Correlation is significant at the 0.01 level (2-tailed).

2) Test of multicollinearity

Looking at table 4 we notice that between digital innovation
and sales performance the correlation coefficient = 0.6 and as
long as it is < 0.9 and > 0.2 we can assume that the two varia-
bles are correlated enough but not multicollinear, consequent-
ly, the multivariate analysis can be conducted.

3)Test of Homogeneity

Named after Box [7], the Box’s M test analyzes the equality of
covariance matrices, from output table 5 we notice a non sig-
nificant result with p = .106 which is > .05, due to this insignif-
icant result we fail to reject the null hypothesis and we assume
that the covariance matrices of the dependent variables are
equal across groups, more precisely we can stand that the as-
sumptions of equality of covariance matrices and homogenei-
ty have been met.

TABLE 5
Box's TEST OF EQUALITY OF COVARIANCE MATRICES?

BoxsM | 77729
F 2267
afl 7

aa 1093.330
Sig. 106

Tests the null hypothesis that the observed covariance matrices of the dependent
variables are equal across groups.”
Design: Intercept + Data based decision making + Employees analytic skills +

Data based decision making * Employees analytic skills
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4.2 Multivariate test

The output of the multivariate test in table 6 shows that signif-
icant main effect is found for data-based decision making
where Wilks” Lambda A = .530, F(8,550) = 25.64, p = .000,
therefore we reject the null hypothesis that the combination
digital innovation and sales performance is equal for all levels
of data-based decision making and retain the alternative hy-
pothesis to stand that this combination of the two dependent
variables will differ according to the level, as suggested by [13],
multivariate effect size is represented by the Partial Eta
Squared (2 = .27) . No significant main effect for employees
analytic skills with Wilks” Lambda A= .645, F(8,550) = 16.86, p
= .085, consequently we tend to reject the alternative hypothe-
sis and assume the null hypothesis to support that the combi-
nation of digital innovation and sales performance is equal for
all different levels of employees analytic skills. Finally the re-
sult shows a statistically significant interaction effect between
data-based decision making and employees analytic skills on
the combination of digital innovation and sales performance
where Wilks” Lambda A= .775, F(30,550) = 2.49, p = .001 with
effect size n? = .12. The Levine’s test of equality of variances
for our two outcome variables is exhibited in table 7 and we
notice that both results are statistically nonsignificant where
digital innovation performance shows p = .071 and sales per-
formance p = .205.

TABLE.6
MULTIVARIATE TEST
Hypo Partial
thasis Emor Eta

Effact Value |F daf df 3ig | Squam
Intaccapt Pillai's Trac 959 | 3233.8680 | 2.000 | 275.000 |.000 | 9
Wilks Lambds 041 | 3235.868b | 2000 | 275000 |.000 | @9
Hotellings Trace | 23.461 | 3235868 | 2.000 | 275.000 | 000 | 959
FovsLamzstRoot |23.461 | 2235868 | 2.000 [ 275.000 | 000 | 859
Data Pillai's Trace 47 21229 | 8000 | 532000 | 000 | 235
bassd Willss' Lambda 530 | 25.643b | B.000 | 550.000 000 | 272
dacision Hotelling's Tracs 583 30247 | 000 | 548000 | 000 | 306
making RovsLagatRoct | 881 | 60.792¢ | 4000 [ 276000 |.000 | 468
emplovess  Pillai's Tmce 357 14980 | 8.000 | 552000 | 063 | 178
andlvtic Wills' Lambda 645 | 168650 | 5000 | 530000 |.083| 197
skills Hotelling's Trace 548 18780 | 8000 | 548000 | 092 | 215
RovsLamestRoot | 544 | 37.5Mc| 4000 [276000 | 016 | 352
Databassd  PillaisTrace 234 2434 | 30.000 | 352000 | 000 | 117
decision Wilks' Larbda 775 2498 | 30.000 | 530,000 |.001| 120
makins® Hotelling's Traze 280 2561 | 30,000 | 548000 | 021 | 123
Emplﬂ;ﬂs Rﬂ_\,sL&;ngm 135 4325 | 15.000 | 276000 |.000 | 180

analytic skill

a. Exact statistic

b. Computed using alpha = .05

c. The statistic is an upper bound on F that yields a lower bound on the significance
level.

d. Design: Intercept + Data based decision making + Employees analytic skills +
Data based decision making * Employees analytic skills
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TABLE 7
LEVENE'S TEST OF EQUALITY OF ERROR VARIANCES?
F dfl 4 Sig.
Salas parformance 17076 23 276 205
Digital innovation performanes | 1953 23 276 A7

Tests the null hypothesis that the error variance of the dependent variable is equal
across groups.”
a. Design: Intercept + Data based decision making + Employees analytic skills +

4.3 Univariate test

Moving to table 8 we can observe the results of the univariate
test. Indeed Tests of Between-Subjects Effects shows that digi-
tal innovation and sales performance are separated, so it is not
the combination of the two any longer, and we can see the
relationship between data-based decision making and each of
the outcome variables separately. We notice a statistically sig-
nificant result of data-based decision making on digital inno-
vation performance with p =.000 and 12 = .10; this means that
digital innovation performance varies significantly across da-
ta-based decision-making levels more clearly that there is sig-
nificant difference between data-based decision-making levels
in terms of digital innovation performance. The same assump-
tion is retained for sales performance with p = .000 and r?
= .46, suggesting that sales performance differs significantly
across data-based decision-making levels. Just like in the mul-
tivariate test, employees analytic skills do not show any statis-
tically significant univariate result for both digital innovation
(p = 431) and sales performance (p = .206); thus we can stand
that both digital innovation and sales performance do not dif-
fer based on employees analytic skills. Furthermore, looking
at the combination of data-based decision making and em-
ployees analytic skills we have a statistically significant effect
for both outcomes variables where the p-value of digital inno-
vation performance equaled .044 and the effect size n? = .07
and p value of sales performance equaled .000, 1?2 =.18.
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TABLE 8
TEST OF BETWEEN-SUBJECTS EFFECT
TABLE 9
CONTRAST RESULT (K MATRIX)
Typs I Parrisl
Dependant Variahle
Suem  of Nl=am Eta
i Dt v Squures Sqe P Sig | Squere Data Bassd Dacision Making Simpls Conteast: Dslimoion |58
Comactad Digitl iznovation pacformance. | 132425 | 23 | 6.2 34 000 | 385 _ i pecformance parformance
modal Sales parformance mBEw |23 |1es e |ow [ os Levallve Level 5 CommastEstimats 13T -5
Sales Parformance 276500 1 | 278501 | 6332465 | 000 | o8 - = T
56 Emor 266 038
Data hasad Digital innovation parformancs 27387 4 .84 1.1 000 | .101 . i o0
decision making  Sales Performance S I R e Rl B #5%Camfidmceloterval for  LowerBoumd | -9 3]
Enplowss  Diginl imnovarion parformance [ #4927 S Rl Rl Rl B diffarance UpperBomd [ -348 - 683
analytic zkills Salas performancs S S R i Rl R Level 2vz. Level 5 Conmrast Estimats 128 -792
Data basad Digital innovation paformance | 20.183 15 | 134 1528 04 |07 Hypossized Valus a 2
decizion meking Siles parformancs 2751 15 182 417 000 | 185 Diffarancs (Estimats - Hypothasizad) -1284 el ]
“Enployes: 5t Emror 25 08
analytic skills iz 000 004
Emor Digitl innovation parformance | 25095 [ 276 | 881 £5%Confidmmcalntervel for  LowsrBownd | -1841 916
Salas parformancs 124051 278 | 04 .diffarencs UpparBound -728 - 668
Tonl Digitl inzoation pacformancs | 1654000 | 500 Laval 3vs. Laval 5 Conmast Estimate -841 -53
Sales performancs 456000 300 Hypothazizad Valua 2 a
Corrected tonl  Digital innovarion parformance | 385520 20 -Differenca (Estimata - Hypothasizad) -841 -335
Sales parformanca 40187 290 -Sui. Error o amn
-Big. Gl 000
05% ConfidencaInterval for  LowsrBouwnd | -1474 677
a. R Squared = .385 (Adjusted R Squared = .334) diffsrancs UpperBound | -202 3%
b. R Squared = .755 (Adjusted R Squared = .735) R e Lewel 3 st Iz -3 -2
c. Computed using alpha = .05 H‘mm \,alu . J . o
Diffar=nce (Eztimats - Hypothazizad) -585 -288
5. Emror 293 065
Eig. 201 381
4.4 Analysis of groups difference S o el D | e 8
differenca Tpper Bound -00 -158

As we found statistically univariate significance for data-based
decision making leading to the assumption that the level of
data-based decision making has an impact on the firm digital
innovation and sales performance, next we are interested in
finding how the differences occur among different levels.
Looking at the results of the contrast analysis in table 9 we
realize that when comparing companies that have a very poor
level (1) of data-based decision making to those of a very
strong level (5), there was significant difference in both digital
innovation (p = .002) and sales performance (p = .000). Look-
ing at the comparison between those having poor level (2) and
those having a very high level (5) we also notice that signifi-
cant difference exists in terms of digital innovation (p = .000)
and sales performance (p = .004). Comparing level (3) to level
(5) we also find significant difference for digital innovation (p
= .009) and sales performance (p = .000). while all the prece-
dent comparisons among groups show significant difference,
the comparison between level (4) and level (5) do not show
any significant difference both for digital innovation (p = .491)
and sales performance(p = .361). This implies that companies
that have a strong level of data-based decision making and
those having a very strong level tend to not differ in terms of
digital innovation and sales performance.

4.5 Discriminant function analysis

The output of table 10 exhibits each variate * s eigenvalue. Ei-
genvalues can be converted to express the percentage of vari-
ance accounted for,we can notice that the first variate account-
ed for 99.8% of the variance while the second variate account-
ed only for .2%. Furthermore, this output exhibits the canoni-
cal correlation that can be squared and used as an indicator of
effect size. The output of table 11 exhibits the results of the
significance analysis of both variates. Fist, the entire model is
tested as a whole including both variate 1 and variate 2 (‘1
through 2’), then after that, the first variate is pulled away
leaving behind the second variate (2"). When variate 1 and
variate 2 were combined together the two variates significant-
ly discriminated the levels (p =.000), but when testing variate 2
alone it appears to be nonsignificant (p =.872). Therefore, the
group differences shown by the MANOVA can be explained
in terms of two underlying dimensions in combination.

The coefficients in the structure matrix in table 12 show how
each variable contributes to the variates. We can see that digi-
tal innovation and sales performance all have positive rela-
tionships with the first variate, whereas sales performance
shows the strongest relationship with a value of 1 while digital
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innovation performance shows a weaker relationship with a
value equaled to .467, thus variate 1 can be assessed as differ-
entiating digital innovation from sales performance. In con-
trast, looking at the second variate, digital innovation perfor-
mance shows a strong positive relationship with .886 while
sales performance expressed a weak negative relationship
with -.009. Variate 1 differentiates data-based decision-making
levels through some factors affecting sales performance differ-
ently than digital innovation and this differentiation is only
related to effect size, whereas variate 2 differentiates data-
based decision-making levels through dimension affecting
digital innovation and sales performance in a different way
and in different directions.

The standardized discriminant function coefficients detect
whether or not an outcome variable significantly brings con-
tribution to the composite (Alan Taylor, 2011). The exhibited
in table 13 join the contribution size of sales performance and
digital innovation on the variate, just like the structures matrix
suggested, sales performance shows the strongest contribution
to variate 1 with a positive weight .995, digital innovation de-
spite the positive sign of the weight has the weaker contribu-
tion .010. In the second variate, digital innovation has the
strongest relation with positive weight 1.123 while sales per-
formance shows a medium negative relationship -.520. We
conclude that in the second variate data-based decision-
making levels differences can be found in the opposite direc-
tion of sales performance and digital innovation performance.

TABLE 10
EIGENVALUES
Function % of Vanance Currmilative % Canonical Correlation
1 008 008 J36
2 2 100.0 049

a. First 2 canonical discriminant functions were used in the analysis

TABLE 11
WILKS' LAMBDA

Test of Function{s) | Wilks' Lambda | Chi-square | df Sig.
1 through 2 A57 231519 2 000
2 098 707 3 872

TABLE 12

STRUCTURE MATRIX

Function

1 2
Sales Performance 1.000* | -009
Digital innovation performance | 463 886
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TABLE 13
STANDARDIZED CANONICAL DISCRIMINANT FUNCTION

Function
1 2
Sales Performance 595 520
Digital innovation performance 010 1.123

TABLE 14
FUNCTIONS AT GROUP CENTROIDS
Function
Data Based Decision Making 1 2
Very poor -620 029
Poor -565 -002
Awerage 399 -092
Strong 1.857 -053
Very strong 2872 093

Output 14 of the variate centroids of each level shows that the
first variate discriminates those having a very poor and poor
level of data-based decision making to those having average,
strong and very strong level because very poor and poor level
both show negative values respectively -.620 and -.565, where-
as average, strong and very strong all show positive values on
variate 1 respectively .399, 1.857 and 2.872. This implies that
function 1 separates those having poor very poor level (with
high negative centroid values)to those having average, high
and very high level of data-based decision making (with high
positive centroid values).

5 SUMMARY OF RESULT

Using Wilks” Lambda, no significant multivariate effects were
found for employees analytic skills. In contrast there was a
significant effect of data-based decision making on the combi-
nation of digital innovation and sales performance A = .530, F
= 25.643, p = .000, and significant interaction effect of the com-
bination of employees analytic skills and data-based decision
making A = .775, F = 2.498, p = .001. The effect size of data-
based decision making alone was stronger n? = .27 than the
effect size of the combination of both data-based decision
making and employees analytic skills )2 = .12. The univariate
ANOVA analysis on the dependent variables exhibited signif-
icant effects of data-based decision making on sales perfor-
mance F = 60.024, p = .000 and digital innovation dynamic F
=7.776 , p = .000 . a significant effect is also found for the com-
bination of employees analytic skills and data-based decision
making on both digital innovation p = .044 and sales perfor-
mance p = .000. The univariate test also revealed that the effect
size of data-based decision making on sales performance was
stronger 12 = .46 than on digital innovation n? = .10. The same

phenomenon was observed for the combination of data-based
IJSER © 2019
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decision making and employees analytic skills where the effect
size on sales performance equaled .18 while digital innovation
recorded .07. Discriminant analysis was used to follow up The
MANOVA, revealing two discriminant functions. The first
function explained 99.8% of the variance, canonical R2 = 45,
whereas the second explained only .2%, canonical R2 = .03. In
combination the two discriminant functions differentiated
significantly data-based decision making levels , A = .457, x2 (8)
= 231.519, p = .000, but pulling away function 1 indicated that
function 2 alone did not differentiate significantly data-based
decision making making, A = .998, 2 (3) = 0.707, p = .872. The
correlations between dependents and the discriminant func-
tions showed that sales performance loaded highly on the first
function (r = .995) than on the second (r = -.520) while digital
innovation performance loaded highly on the second function
(r = 1.123) than on the first function (r = .010).

6 DISCUSSION

The present study reveals that unlike data-driven decision
making, employees analytic skills across business do not ap-
pear to be a key driver of performance as our analysis showed
that digital innovation and sales performance did not differ
based on firm’s employee's analytic skills. But an interesting
finding was the interaction effect found for data-based deci-
sion making and employees analytic skills on both digital in-
novation and sales performance. This implies that in the digi-
tal world, traditional retail businesses can adopt the associa-
tion of data-driven decision making and employees analytic
skills as a strategy in order to raise their competitiveness,
overcome the new business rules introduced by retail digital
natives and catch up the new retail dynamic of the digital age.
Another point worth precision is that looking at the test be-
tween subjects, data-based decision making and the integra-
tion of employees analytic skills and data-based decision mak-
ing all showed a greater impact on sales than on digital inno-
vation. The same phenomenon was observed through the dis-
criminant analysis where the variable sales performance load-
ed more in differentiating the different groups of data-based
decision making. This leads us to assert that despite their data-
based decision making and employees analytic skills maturity
level, traditional retail firms in China are still struggling to
improve their digital innovation dynamic, understanding the
digital innovation dynamic across these firms will constitute
the of our future research.

7 CONCLUSION

The primary objective of this research was to examine the in-
dividual impact of data-based decision making and employees
analytic skills and their interaction effect on both digital inno-
vation and sales performance in 300 traditional retail firms in
China. In retail firms born before the 2000s and considered as
non digital natives, it appears that leveraging a strategy that
integrates employees analytics skills to data-based decision
making can be considered as an engine of performance and
competitiveness. Our study provides evidence that companies
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leveraging digital transformation and capabilities are more
likely to experience digital innovation and sales growth and
performance. Giving the new challenges of the digital age,
firms that do not apply or lightly apply this strategy could
possibly experience poor performance of digital innovation
and sales.
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