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Justifying Business Intelligence Systems Adoption in SMEs:
Impact of Systems Use on Firm Performance

Abstract
To realize returns, mere use of business intelligence systems (BIS) after effective
adoption is insufficient. It is essential for BIS use to also create a business value
by generating an impact on firm performance. Existing BIS research merely
focuses on adoption and adoption determinants, or at the most on the innovation
usage as the last phase in the adoption process. In response, we developed a
conceptual model for assessing the determinants of BIS impact on firm
performance in SMEs. The model is based on the Diffusion of Innovation postadoption phase of use, and the Resource-Based View, extended with our findings
from the other IS/IT research literature. Our conceptual model encompasses two
independent post-adoption variables of routine use and innovative use; three
dependent variables of partial impacts on firm performance (impact on marketing
and sales, impact on management and internal operations, impact on
procurement); and an ultimate dependent variable of impact on firm performance.
Drawing on the data collected from 181 small and medium enterprises (SMEs) our
results provide valuable insights about how BIS usage influences firm
performance, extending our understanding of this intriguing field of research.
Implications of the findings are further discussed and practical implications for
managers are provided.
Keywords: business intelligence systems (BIS); routine use; innovative use; firm
performance

1. Introduction
In the literature on the business value of information technology (IT), the
relationship between IT investments and their effects on firm performance
continues to interest academics and practitioners (Devaraj & Kohli, 2003; Hsieh,
Rai, & Xu, 2011; Liu, Ke, Wei, & Hua, 2013; Melville, Kraemer, & Gurbaxani, 2004;
Schryen, 2013). Empirical evidence to unequivocally support the view that IT
investments enhance firm performance has been elusive (Bharadwaj, 2000; Kohli
& Grover, 2008; Nevo & Wade, 2010; Santhanam & Hartono, 2003). In enterprisewide information systems (IS) research, the adoption, use, and value of business
intelligence systems (BIS) and the link to firm performance has emerged as an
active research area within the discipline (Audzeyeva & Hudson, 2015; Işık, Jones,
& Sidorova, 2013; Popovič, Hackney, Coelho, & Jaklič, 2012). We define BIS as
‘quality information in well-designed data stores, coupled with software tools that
provide users timely access, effective analysis and intuitive presentation of the
right information, enabling them to take the right actions or make the right
decision’ (Popovič et al., 2012).
Today, IS researchers still face strong pressure to answer the question of whether
and how IT investments add to firm performance (Hsieh et al., 2011; Liu et al.,
2013; Sabherwal & Jeyaraj, 2015). Answers to this persistent challenge have
important implications for the way firms approach IT investment and
management (Zhu & Kraemer, 2005). To respond to this challenge, some efforts
have been devoted to studying BIS adoption and firm performance (e.g. Côrte-Real,
Oliveira, & Ruivo, 2017; M. Gupta & George, 2016; Wamba et al., 2017). While
these studies contributed to our understanding of BIS innovation, several gaps can
be identified in the literature. To begin with, although innovation diffusion
represents a complex process, much of the existing research has focused on the
adoption decision (e.g. Puklavec, Oliveira, & Popovič, 2014; Yeoh & Popovič, 2016)
and less on the post-adoption environment (e.g. Popovič, Hackney, Coelho, &
Jaklič, 2014). In fact, prior research has shown that actual usage may be an
important link to IT value, but this link seems to be missing in the literature
(Devaraj & Kohli, 2003).
Next, there is a lack of empirical evidence to gauge BIS use and its impact on firm
performance (Elbashir, Collier, & Davern, 2008). Extant studies have addressed
this issues from various (partial) perspectives (e.g. Wamba et al., 2017), yet there
is a need for a theoretically thorough and empirically relevant framework to
examine the use and value of BIS in organizations.

Third, earlier research explored the BIS adoption stage and use stage in the
context of large firms and called for future research to re-examine the mechanisms
linking adoption and use to performance outcomes in other contexts (Li, Hsieh, &
Rai, 2013; Popovič et al., 2014). We believe it is important to investigate whether
prior assumptions can be generalized and empirical findings are applicable in
different firm-size contexts. To achieve this, we study BIS in SME setting to
encompass the experience of smaller firms that might represent different aspects
of BIS use in transforming firm performance.
In summary, these gaps in the literature limit our understanding of the process of
BIS use for attaining higher levels of firm performance. Our study seeks to narrow
these gaps. The following research questions motivating our work are: (i) What
framework can be used as a theoretical basis for studying BIS use and firm
performance? (ii) Within this theoretical framework, how can different usage
behaviors affect value in the context of SMEs? (iii) How would various BIS-enabled
partial impacts on firm performance then affect the overall firm performance? To
better understand these issues, from a resource-based perspective we analyzed the
BIS impact on firm performance that stems from the unique characteristics of the
BIS (Popovič et al., 2012). Then, an integrative model for BIS use and its impact
on firm performance is developed. We tested this model using survey data from
181 SMEs. Data analysis was performed by partial least squares. The results
demonstrate varied impacts of distinct usage behaviors on firm performance.
These results contribute to the continued debate on IT payoffs (Davern &
Kauffman, 2000; Melville et al., 2004) and their state in BIS context (Elbashir et
al., 2008; Popovič, Turk, & Jaklič, 2010).

2. Theoretical framework
Firm performance denotes collective IT-enabled performance across all firm
activities, with metrics capturing bottom-line firm impacts such as cost reduction,
revenue enhancement, and competitive advantage (Melville et al., 2004). Prior
research on the business value of enterprise-wide IT adoption has investigated the
direct effect of IT implementation and use on firm performance, but rarely how
this effect is realized through the partial impacts of IT use on firm performance.
2.1 Linking IS use to firm performance
The importance of the link between IS use and firm performance has long been
conversed in the literature (Aral & Weill, 2007; Devaraj & Kohli, 2003; Mithas,
Ramasubbu, & Sambamurthy, 2011). IS use has been proposed as a pivotal
construct in the system-to-value chain that links research on IS adoption/success

with research on organizational impacts of IS (DeLone & McLean, 1992; Doll &
Torkzadeh, 1998).
For IS impacts to occur, it is essential that use is tied to firm performance goals.
IT use results in organizational impacts only when the suitability of the application
is matched with technology (Devaraj & Kohli, 2003). Goodhue and Thompson
(1995) argue that task-technology fit has to be established before IS use can
produce performance impacts. Task-technology fit is achieved when the technology
is compatible with the targeted application and there are skilled users who use it
(Devaraj & Kohli, 2003). In our research, the importance of BIS (technology) to
SMEs and the business value of the marketing, sales, internal operations, and
procurement activities (tasks) mediated by IS use are steps that facilitate the BIS
investment toward organizational performance outcomes. Thus, the tasktechnology fit suggested by Goodhue and Thompson holds true in our research
setting. What is more, required specialized skills affirm that the BIS users and
technology form a synergy to monitor marketing, sales, internal operations, and
procurement, the key business areas that are critical to the firm’s stability and
growth. Such argumentation is in line with Weill’s (1992) call to examine the steps
between IS investment and the resulting performance impacts.
2.2 The importance of IS use and its distinct usage behaviors
Whereas early IS adoption stages establish indicators of initial IS success (Thong,
1999), the use stage is critical for firms to realize returns on IS investments
(Bhattacherjee, 2001; Jasperson, Carter, & Zmud, 2005). According to Li et al.
(2013), two distinct usage behaviors in the IS adoption use stage, namely routine
use and innovative use, are vital in leveraging implemented systems and
alleviating low returns on IS investments.
Routine use reflects employees’ using an IS in a routine and standardized manner
to support their work. This usage behavior is repetitious and perceived as a normal
part of employees’ work activities and has been standardized and incorporated into
individual employees’ work processes (Li et al., 2013). Such repetitive and
standardized use of a system in the IS adoption use stage aids employees develop
acquaintance with the implemented system, thus facilitating IS use to be
integrated in their individual work processes (Saga & Zmud, 1994). Innovative use,
on the other hand, describes employees’ use of IS in novel ways to support their
work, thereby realizing its further value (Li et al., 2013). In the post-acceptance
stage, through accumulated experiences with the implemented IS, employees are
able to apply the IS in innovative ways, thereby realizing its further value
(Jasperson et al., 2005).

The main difference between the two presented usage behaviors lies in the nature
of these two behaviors; namely, how the employee uses the system (Li et al., 2013).
Consider a procurement analyst whose job responsibilities include evaluating
suppliers, develop innovative approaches to review procurement process
effectiveness, provide recommendations on all procurement related issues (e.g.
plans, reports and metrics), and suggesting procurement strategies. To fulfill the
assigned work, the procurement analyst is expected to use a BIS supplied with
various analytical capabilities to examine data that are consolidated in a central
data store (e.g. a data warehouse) and are linked to vendors, sales, inventory
levels, replenishment cycles and product lead time. In this setting, routine use
could refer to the analyst generating regular reports on a routine basis; by
reviewing these reports, the analyst can understand current procurement
performance and external conditions and then suggest modifications in
procurement strategies. Moreover, if the procurement analyst believes that he or
she can attain advanced insights that could not be attained via the routine use of
the BIS, he or she can engage in innovative use, such as exploring new dimensions
and measures from the data store, combining them across several routine reports
to generate novel views of potential and established vendors or synthesizing the
analysis functions used in various routine reports to analyze the data in very
different manners. In effect, innovative use relates to the analyst using the BIS in
fresh ways to creatively analyze data in the data store and suggest alternatives for
procurement strategies. Thus, although routine use and innovative use exemplify
very diverse ways of using the BIS, both usage behaviors can enable the
procurement analyst to accomplish the assigned work.
According to Li et al. (2013), routine use and innovative use also differ in their
learning orientation such that they bear resemblance to the twin concepts of
exploitation and exploration in organizational learning research (March, 1991). We
draw on learning as a supplemental theoretical lens because learning influences
the utilization of existing knowledge and/or the creation of new knowledge (A. K.
Gupta, Smith, & Shalley, 2006), thereby reducing barriers to assimilating IS in
work processes (Robey, Ross, & Boudreau, 2002). This also responds to scholars’
call to apply the learning perspective to understand post-acceptance IS usage
behaviors (Cooper & Zmud, 1990; Jasperson et al., 2005). In the organizational
learning literature, exploitation refers to the utilization of existing resources and
competencies, and exploration describes organizations’ experimentation with new
alternatives (A. K. Gupta et al., 2006; March, 1991). Arguably, employees’
repetitive use of BIS captures the idea behind exploitation because employees’
cognition is anchored and refined with respect to standardized ways of using BIS.
On the other hand, attempts at novelty are similar to exploration, which goes

beyond standardized ways of applying the BIS to support employees’ work
(Jasperson et al., 2005). Compared to routine use, innovative use involves more
intense learning and requires employees’ to expand their knowledge about the
potential of the implemented BIS for their work.
2.3 BIS value creation
A firm’s resources and capabilities are valuable if they reduce a firm’s costs or
increase its revenues compared to what would have been the case if the firm did
not possess those resources (Amit & Zott, 2001). For the purpose of this work, we
examine the unique characteristics of BIS (as an IT capability) and connect them
in three ways through which BIS may create value for various business areas –
marketing and sales, management and internal operations, and procurement.
BIS are data-driven enterprise-wide decision-support systems that integrate data
gathering and data storage with advanced analytical functions for decision making
(Davenport, Harris, & Morison, 2010; Negash & Gray, 2008). BIS enable
employees to apply a variety of analytical functions to analyze large volumes of
data, which are typically drawn on or refined from data warehouses of internal and
external data, and the results from these analyses are used for firms’ decision
making (Li et al., 2013). According Li et al. (2013) to in the post-acceptance stage,
complex organizational IS, such as BIS, can be used on a regular basis to analyze
customer, product, service, and sales data; monitor competitors’ activities; and
observe market conditions and trends in the industry, but may not be utilized to
its fullest potential.
Benefiting from data integration and prediction capabilities, BIS can substantially
improve a firm’s position in the marketplace (Chen & Siau, 2011). For instance,
information richness can help capitalize on marketing investments; advanced
analytical capabilities can lead to a closer match between a firm and its customers
in greater reach than before; and predictive capabilities enable firms to increase
their sales potential (Elbashir et al., 2008; Negash & Gray, 2008).
BIS have been also previously identified to support a wide range of internal
operations aspects, such as planning, manufacturing, and quality assurance.
Specifically, literature emphasizes four improvements the utilization of BIS brings
to operations management. First, BIS-enabled information provides more
comprehensive and accurate insights (Waller & Fawcett, 2013). Second, equipment
availability for the manufacturing and logistics processes has also improved as a
result of exploiting BIS (Munirathinam & Ramadoss, 2014). Third, Lee, Lapira,
Bagheri, and Kao (2013) discuss the benefits of BIS use in reducing manufacturing
waste, which aided the move toward lean manufacturing. Lastly, the utilization of

BIS improves insights into identification of faulty products, further preventing
returns and rework (LaValle, Lesser, Shockley, Hopkins, & Kruschwitz, 2011).
Furthermore, BIS value has been often emphasized in connection with
procurement process as one of the firms’ key operational processes (Davenport et
al., 2010; Elbashir et al., 2008). Within firms, the role of procurement has changed
noticeably from that of simply buying goods and services to overseeing an
integrated set of management functions. As firms look beyond short-term costs and
the scope of procurement-related issues has grown, procurement professionals are
paying more attention the broader costs of operating, maintaining, and replacing
the items and resources they purchase over time (den Butter & Linse, 2008). BIS
enables process analysts and operational managers to get a better insight into
procurement processes, so they can identify process inefficiencies, as well as
possibilities for improvement (Marjanovic, 2007). For example, in the case of an
exception (a delay in the procurement process), using BIS will enable the
procurement manager to analyze possible effects of the delay on different
operational processes, so they can manage this exception.
In sum, the data integration and analytical capabilities of BIS enable BIS value
creation by improving marketing and sales activities, internal operations, and
assisting procurement initiatives. Such BIS value may therefore lead to improved
firm performance.
2.4 Resource-based theory
The resource-based view (RBV) provides a theoretical lens for linking BIS use and
value (Barney, 1991). IS scholars have drawn upon RBV has to analyze IT
capabilities and to elucidate how IT value resides more in the firm’s ability to
leverage IT than in the technology itself (Wade & Hulland, 2004). That is, IT
business value is contingent on the breadth and depth to which IT is used in the
key activities in the firm’s value chain (Zhu & Kraemer, 2005). The greater the
use, the more likely the firm is to develop distinctive capabilities from its core IT
infrastructure (computers, networks, databases, and communication platforms)
(Zhu, 2004). The way IT infrastructure components are integrated with the
business processes and are aligned with the firm’s corporate strategy is key to
organizational effectiveness (Picoto, Bélanger, & Palma-dos-Reis, 2014). In fact,
more consideration is given to the processes underlying the bonds proposed by RBV
since the firm’s context affects the nature of its processes (Barney, Ketchen, &
Wright, 2011).
Drawing upon RBV theory, technology is viewed as a key resource that could
directly influence firm performance (Oh & Pinsonneault, 2007). Following this line

of thought, firms that embed BIS more broadly and deeply into their value chain
activities (i.e., use BIS to a greater extent) can create superior business value from
their usage of BIS. Even though BIS itself could be considered a commodity, the
particular ways in which a firm assimilates this technology in its business
processes is unique. Higher degrees of BIS usage will consequently be linked with
firm performance improvements.

3. Research model
We propose a conceptual research model (shown in Figure 1) grounded on resourcebased theory and diffusion of innovation theory and updated with recent findings
from the literature.
According to Picoto et al. (2014), a theoretical linkage exists between innovation
use and its impact on firm performance and, thus, more comprehensive innovation
use elevates innovations’ impact on the sales, marketing, internal operations, and
procurement dimensions of firm performance. Elbashir et al.’s (2008) identification
of the BIS-supported business activities within a firm uses an industry structure
perspective within a value-chain activities framework (Porter & Millar, 1985),
which is broadly used for grounding the measures of technology use and
performance impact (Elbashir et al., 2008). Porter and Millar (1985) group value
chain activities as: (i) primary activities (i.e. sales, marketing, operations, logistics,
service); and (ii) support activities (i.e. procurement, human resources,
infrastructure management, development). To ensure the conciseness of this
research and to be in line with recent research on the issue of IT value (e.g. Picoto
et al., 2014; Zhu & Kraemer, 2005), we focus on three major organizational value
chain activities, i.e. marketing and sales, management and internal operations,
and procurement; and study other activities as part of these three groups of partial
impacts on firm performance.
BIS that are focused on management and business processes with a substantial
impact on profitability, productivity, and the quality of service are able to
contribute to business performance (Popovič et al., 2010). They support improved
decision-making within a wide range of business activities as they provide the
capability to conduct business information analyses. Further, the incorporation of
BIS into firms’ business activities creates business benefits and process
enhancements which can improve organizational performance (Elbashir et al.,
2008). Trkman, McCormack, de Oliveira, and Ladeira (2010) similarly reported
that BIS can support processes such as plan, source, make, and deliver. In this line
of research, Sharma, Mithas, and Kankanhalli (2014) suggested that there may be
an indirect relationship between BIS and firm performance, noting that BIS enable

manufacturers to apply resources to undertake actions to deliver particular
impacts and gains. The authors also noted the use of BIS in quality and process
improvement (Teece, Pisano, & Shuen, 1997), which enhances operational
performance. Based on the described BIS impact on organizational and business
process performance improvements, we suggest the following hypothesis:
Hypothesis 1 (H1): Routine BIS use will positively influence all BIS partial impacts
on firm performance.
Considering Po-An Hsieh and Wang (2007), extended use refers to taking
advantage of additional features of the technology to support performance of a
business task. Namely, a firm that adopts an IS innovation rarely routine uses the
new system to its fullest potential or achieves the expected return on investment
(Jasperson et al., 2005). Since the described underachievement can be linked to
underutilization of the adopted IS, some studies (e.g. Po-An Hsieh & Wang, 2007)
considered extended use as the use that goes beyond standard use and holds the
potential to lead to enhanced results and higher returns. Also, for example, an
innovative use of IT in an organization, such as BIS, may define unique IT features
for the new business model in a differentiation with its competitors and further
create competitive advantage to the pioneering move of IT applications (Swanson
& Ramiller, 2004). Thus, we also propose:
Hypothesis 2 (H2): Innovative BIS use will positively influence all BIS partial
impacts on firm performance.
Additional reasoning for the above hypothesis can be found in Zhu and Kraemer
(2005) where IT business value is described as being dependent on the extent to
which IT is used in the main value chain activities of the firm. In the same
research, greater use is linked with a higher probability of the firm developing
distinctive capabilities from its core IT infrastructure.
Further, RBV suggests that firms with a greater extent of IT use have a greater
probability of creating IT capabilities that are rare, inimitable, valuable, and
sustainable, thereby contributing to value creation. Deeper usage in firms leads to
IT creation of specific assets and subsequently to competitive advantage (Zhu &
Kraemer, 2005). Since many studies support the positive-oriented link between
competitive advantage and firm performance (Majeed, 2011), and since firms
mainly use IT innovation for the purpose of improving their performance (Stieglitz
& Brockmann, 2012), we predict:
Hypothesis 3 (H3): Through its impact on marketing and sales BIS use has a
positive impact on firm performance.

Hypothesis 4 (H4): Through its impact on management and internal operations BIS
use has a positive impact on firm performance.
Hypothesis 5 (H5): Through its impact on procurement BIS use has a positive
impact on firm performance.
The ultimate endogenous variable in our research is thus the impact on general
organizational performance, while the partial impacts represent partial effects
that BIS usage has on overall firm performance. Hence, a higher level of BIS usage
will be associated with firms’ improved performance (Picoto et al., 2014).
In line with some of the preceding studies, we included size and industry dummy
variables as control variables that were used to control data variation not
explained by the other variables (Gu, Cao, & Duan, 2012; Popovič et al., 2014;
Thong, 1999).
Figure 1: Research Model

4. Research methodology
4.1 Measurement
The constructs utilized (routine use, innovative use, impact on marketing and
sales, impact on management and internal operations, impact on procurement,
impact on firm performance) were based on the existing literature. Measuring
applied a seven-point scale on an interval level ranging from “strongly disagree” to
“strongly agree” or from “strongly insignificant” to “strongly significant”.
Consistently with the respective literature, some of the constructs used were

operationalized as reflective (routine use, innovative use, impact on firm
performance) and others as formative (impact on marketing and sales, impact on
management and internal operations, and impact on procurement) (see Table 1).
Items in the questionnaire (see Table 1) were reviewed for their content validity
by a group of six IS researchers and BI professionals, all appropriately familiar
with BIS use and its impact on firm performance. Following their comments, some
amendments to the questionnaire were made. The questionnaire was further pilot
tested on 25 randomly selected SMEs from the sample frame, which confirmed its
validity and reliability.
Table 1: Measurement items
Constructs

Items

References

Routine use/R

Please rate the degree to which you agree with the following
statements (1- Strongly disagree; 2; 3; 4; 5; 6; 7- Strongly agree;
X - Not applicable):
URU1 - Our use of the BIS has been incorporated into our
regular work practices.
URU2 - Our use of the BIS is pretty much integrated as part of
our normal work routine.
URU3 - Our use of the BIS is now a normal part of our work.

(Saga &
Zmud,
1994)

Innovative
use/R

Please rate the degree to which you agree with the following
statements (1- Strongly disagree; 2; 3; 4; 5; 6; 7- Strongly agree;
X - Not applicable):
UIU1 - We often use more features than the average user of the
BIS to support our work.
UIU2 - We often use more overlooked aspects of the BIS to
support our work.
UIU3 - We use the BIS in novel ways to support our work.
UIU4 - We often look for new functions in the BIS to support
our work.

(Ahuja &
Thatcher,
2005; Po-An
Hsieh &
Wang,
2007)

Impact on
marketing
and sales/F

Please indicate the extent to which your BIS have impact in...
(1- Strongly insignificant; 2; 3; 4; 5; 6; 7- Strongly significant; X
- Not applicable)
IMS1 - Sales increasing
IMS2 - Widening sales area
*IMS3 - Product and service innovation improvement
IMS4 - Customer service improvement
*IMS5 - Customer satisfaction increasing

(Picoto et
al., 2014)
- adopted to
BIS

* - deleted due to multicollinearity problems

Impact on
management
and internal
operations/F

Please indicate the extent to which your BIS have impact in...
(1- Strongly insignificant; 2; 3; 4; 5; 6; 7- Strongly significant; X
- Not applicable)
IMIO1 - Making the corporate systems and information
accessible from any location
* IMIO2 - Increasing control
IMIO3 - The staff motivation increasing

(Picoto et
al., 2014)

Constructs

Items
IMIO4 - Improving decision-making
IMIO5 - Increasing organization profitability
* IMIO6 - Better information quality
IMIO7 - Making internal operations more efficient (e.g.: speed
up processing, reduce bottlenecks, reduce errors, notification,
control emergencies)

References

IMIO8 - Increasing staff productivity
* IMIO9 - Facilitating communication among employees
* IMIO10 - The compression of business processes
* IMIO11 - The organizational flexibility
IMIO12 - Reducing the number of employees
IMIO13 - Reducing administration workload
* IMIO14 - Improved employee effectiveness
* IMIO15 - Improved employee learning
* - deleted due to multicollinearity problems

Impact on
procurement
/F

Please indicate the extent to which your BIS have impact in...
(1- Strongly insignificant; 2; 3; 4; 5; 6; 7- Strongly significant; X
- Not applicable)
IP1 - Inventory costs reduction
IP2 - Improving the coordination with suppliers
IP3 - Decreasing the procurement costs
IP4 - Facilitate inventory management

(Picoto et
al., 2014)

*IP5 - Facilitating communication with suppliers
* - deleted due to multicollinearity problems

Impact on
firm
performance/R

Please rate the degree to which you agree with the following
statements (1- Strongly disagree; 2; 3; 4; 5; 6; 7- Strongly agree;
X - Not applicable):
IFP1 - In terms of its business impacts on the organization, the
BIS has been a success.
IFP2 - BIS has seriously improved my organization's overall
business performance.
IFP3* - From the perspective of my organization, the benefits
of BIS outweigh the costs.
IFP4 - BIS has had a significant positive effect on my
organization.

(Picoto et
al., 2014)

* - inversed (original: …the costs of BIS outweigh the benefits.)
Note: F - formative; R - reflective

4.2 Data
We used an online survey service which allows online surveys to be created,
executed, and briefly analyzed. To obtain a comprehensive list of survey
respondents, namely firms that qualify for small or medium-sized firms according
to the official country classification, we merged records from the commercial

business register with records of business entities from the database of the
National Agency for Public Legal Records and Related Services. The final list
provided 2,024 SMEs from various industry sectors eligible for inclusion in the
study. The invitation to complete the survey was distributed by email. In order to
increase the content validity, participation of the most qualified BIS person (i.e.
CIO, other management, or senior IS personnel) was requested, along with a brief
yet complete description of the research’s scope and importance. Once the
participant firm agreed to participate in the study, a second email was sent to the
participating individuals explaining the nature of the research and asking
additional information about the participant. Each individual provided additional
data about his position, year of employment, and experience in the field.
Data were collected in mid-2016. Over 12 weeks, a total of 181 usable responses
was attained, corresponding to a response rate of 8.9%. The quite low response rate
was expected since we targeted the overall SME milieu, i.e. adopters and nonadopters, regardless of how familiar an individual firm was with BIS.
In order to test for non-response bias, we compared the distributions of early and
late respondents in the sample using the Kolmogorov-Smirnov test (Ryans, 1974).
The sample distributions of the early and late respondents did not differ
statistically (p-value > 0.10 for all variables). Accordingly, the absence of nonresponse bias was confirmed (Ryans, 1974).
The industry profile of the sample was as follows: 50.3% of the respondents came
from the services sector, 24.3% the manufacturing industry, and 25.4% the
distribution sector. The good quality of the data is indicated by the fact that the
respondents were qualified individuals, predominantly CEOs.

5. Results
Smart PLS 3.0 (Ringle, Wende, & Becker, 2015) was used to test the research
model. Partial least squares (PLS) represents a variance-based structural equation
model (SEM) technique which is suitable for this research since (i) some items in
the data are not distributed normally (p < 0.01 based on the Kolmogorov-Smirnov
test); (ii) the conceptual model is considered to be complex; (iii) the model has both
reflective and formative constructs; (iv) adequate sample size, i.e., for PLS
estimation, the minimum sample size should be (1) ten times the large numbers of
formative indicators (in our model is eight) and (2) the dependent variable with the
largest numbers of independent latent variables influencing it (Peng & Lai, 2012).
Before we test the structural model, we first examine the reflective part of the
measurement model in order to assess the construct and indicator reliability,

internal consistency, convergent validity, and discriminant validity. In the
continuance, the quality of the formative construct in the measurement model was
determined through content validity (Straub, Boudreau, & Gefen, 2004),
multicollinearity (Diamantopoulos & Siguaw, 2006), and weights (Chin, 1998), all
described in the following sections.
5.1 Measurement model
Examination of the model is reported in Tables 2 and 3. First, we assessed the
construct reliability using the composite reliability coefficient and Cronbach’s
alpha. As shown in Table 2, all constructs have composite reliability (CR) and
Cronbach’s alphas (CA) above 0.7, suggesting the constructs are reliable (Chau,
1999; Straub, 1989).
Indicator reliability was assessed using the criterion that the factor loadings
should exceed the value of 0.7 (Henseler, Ringle, & Sinkovics, 2009). As seen in
Table 2 (in bold), all loadings are above 0.7. In addition, all items are statistically
significant (p < 0.01). Thus, the model shows adequate indicator reliability.
Table 2: Loadings and cross-loadings
Constructs
Routine use (URU)
CR=0.981; CA= 0.971; AVE=0.946

Innovative use (UIU)
CR=0.976; CA= 0.967; AVE=0.909

Impact on firm performance (IFP)
CR=0.982; CA= 0.975; AVE=0.930

Item

URU

UIU

IFP

URU1

0.973

0.809

0.799

URU2

0.974

0.776

0.792

URU3

0.971

0.785

0.815

UIU1

0.821

0.964

0.799

UIU2

0.760

0.944

0.785

UIU3

0.777

0.964

0.804

UIU4

0.740

0.941

0.779

IFP1

0.821

0.820

0.955

IFP2

0.797

0.816

0.974

IFP3

0.768

0.783

0.956

IFP4
0.796
0.785
0.973
Note: CR – composite reliability; CA – Cronbach’s alpha; AVE – Average variance extracted

In order to test the convergent validity, we used average variance extracted (AVE).
As seen in Table 11, all constructs show AVE higher than 0.5, which meets the
criterion that AVE should be above 0.5 so that the construct explains more than
half of the variance of its indicators (Bagozzi & Yi, 1988; Henseler et al., 2009).
Discriminant validity was evaluated based on the Fornell-Larcker criteria and also
on cross-loadings. A Fornell-Larcker criterion suggests that the square root of AVE
should be greater than the correlations between the latent variables (Fornell &
Larcker, 1981). Table 3 shows that the square roots of AVEs (in bold) are greater

than the correlation between each pair of variables. The criteria of cross-loadings
suggests that the loading of each factor should be greater than all cross-loadings
(Götz, Liehr-Gobbers, & Krafft, 2010). As shown in Table 2, patterns of the
loadings are greater than the cross-loadings. Accordingly, both criteria are
fulfilled.
A condition for evaluating content validity, describing the degree to which the
measured results stand for the content-semantic part of the construct, is an exact
content definition of the constructs (Eckhardt, Laumer, & Weitzel, 2009). In order
to ensure the content validity, our constructs were discussed with several BI
professionals from the field, all appropriately familiar with BIS adoption and the
operation of SMEs, and also decision-makers with adequate knowledge of BIS
adoption within the firm to reliably discuss the subject (Churchill, 1979).
Table 3: Descriptive statistics, correlation matrix, and square root of AVEs
Constructs

Mean

SD

URU

UIU

IMS

IMIO

IP

Routine use (URU)

4.659

2.001

0.973

Innovative use (UIU)

4.249

1.826

0.813

0.953

Impact on marketing and sales
(IMS)

4.566

1.782

0.622

0.637

NA

Impact on management and
internal operations (IMIO)

5.137

1.667

0.714

0.688

0.810

NA

Impact on procurement (IP)

4.688

1.782

0.543

0.515

0.729

0.761

NA

Impact on firm performance (IFP)

4.606

1.823

0.825

0.831

0.739

0.803

0.642

IFP

0.965

Note: NA: not applicable to the formative constructs; diagonal elements – square root of AVE; offdiagonal elements – correlations

For the formative measures, the test of multicollinearity denotes that the analysis
of the significance of the outer weights could be conducted as the next step since
variance inflation factor (VIF) values for all indicators were below 5, meaning that
collinearity does not arise as an issue (Hair Jr, Hult, Ringle, & Sarstedt, 2016). To
achieve these criteria, we deleted items IMS3 and IMS5 of the construct Impact on
marketing and sales; IMIO2, IMIO6, IMIO9, IMIO10, IMIO11, IMIO14, and
IMIO15 of the Impact on management and internal operations; and IP5 of the
Impact on procurement.
Outer weights of the construct Impact on marketing and sales were significant for
two indicators; for the other indicator the outer loadings were greater than 0.5.
Further, the outer weights of Impact on management and internal operations were

also significant for two indicators; for the further six indicators the outer loadings
exceeded 0.5. Similarly, the outer weights of the construct Impact on procurement
were significant for two indicators and for the other two indicators the outer
loadings were greater than 0.5 (see Table 4). Hence, no indicator was eliminated
(Hair Jr et al., 2016).
Table 4: Outer weights and loadings
Path

Outer
Weights

P Values

Outer
Loadings

P Values

IMS1 -> IMS

0.471**

0.015

0.903***

0.000

IMS2 -> IMS

-0.005

0.981

0.834***

0.000

IMS4 -> IMS

0.613***

0.000

0.945***

0.000

IMIO1 -> IMIO

0.340***

0.003

0.925***

0.000

IMIO3 -> IMIO

-0.150

0.199

0.718***

0.000

IMIO4 -> IMIO

0.194

0.105

0.891***

0.000

IMIO5 -> IMIO

0.078

0.528

0.816***

0.000

IMIO7 -> IMIO

0.345**

0.010

0.933***

0.000

IMIO8 -> IMIO

0.231

0.116

0.914***

0.000

IMIO12 -> IMIO

-0.012

0.885

0.590***

0.000

IMIO13 -> IMIO

0.044

0.620

0.694***

0.000

IP1 -> IP

0.141

0.427

0.898***

0.000

IP2 -> IP

0.476*

0.055

0.917***

0.000

IP3 -> IP

-0.058

0.785

0.846***

0.000

IP4 -> IP
0.516***
0.006
0.942***
0.000
Note: * - significance at p < 0.10; ** - significance at p < 0.05; *** - significance at p < 0.01.

Since the evaluations of construct reliability, indicator reliability, convergent
validity, discriminant validity (reflective measures), and content validity,
multicollinearity, and the weights (formative measures) were adequate, we may
confirm the constructs are suitable for testing the conceptual model.
5.2 Structural model
The structural model’s predictive capacity was evaluated using R2 measures
besides the level of significance of the path coefficients. The path significance levels
were estimated using the bootstrapping method with 5,000 resamples (Chin, 1998;
Henseler et al., 2009). Regarding the multicollinearity statistics, variance inflation
factors among the constructs were all below 5, hence multicollinearity does not
arise as an issue (Hair Jr et al., 2016). The results of the analysis are summarized
in Figure 2, showing the path coefficients, statistical significance of the path
coefficients, and the R2 of dependent variables, which are respectively 0.67, 0.44,
0.55, and 0.33 for the impact on firm performance, the impact on marketing and

sales, the impact on management and internal operations, and the impact on
procurement.
Figure 2: The structural model

Note: * – significance at p < 0.10; ** – significance at p < 0.05; *** – significance at p < 0.01; f2 of
0.02, 0.15, and 0.35 are interpreted as small, medium, and large effect sizes, respectively (Henseler
et al., 2009); Q2 values larger than 0 suggest that the model has predictive relevance for a certain
endogenous construct (Hair Jr et al., 2016).

Regarding the use variables, the present research found that the hypothesis of
routine use as a predictor of the partial BIS impacts on firm performance (H1) is
supported for all three impact variables (p < 0.01). The hypothesis of innovative
use as a predictor of the partial BIS impacts on firm performance (H2) is also
supported for all three impact variables; specifically for the impact on marketing
and sales, the impact on management and internal operations at p < 0.01, and for
the impact on procurement at p < 0.10.
Within the partial impact variables, the impact on marketing and sales has
significant and positive paths to the impact on firm performance (p < 0.01), so H3
is strongly supported. Equivalent strong support was identified for H4 as a path to
the impact on firm performance associated with the impact on management and
internal operations is significant and of a high magnitude (p < 0.01). Dissimilar
results were found for the path for the impact on procurement to the impact on
firm performance variable since it is insignificant (p > 0.10). Thus, H5 is not
supported.

We also tested the influence of the control variables on the dependent variables.
For industry, we used two dummy variables (i.e. service and distribution) and also
tested for the effect of firm size. The results suggest that all control variables are
statistically nonsignificant.

6. Discussion
This study offers important contributions to both research and practice. It suggests
implications for the IT/IS literature, in particular for the field of BI and BIS, and
proposes a validated model of BIS use impact on firm performance in SMEs.
6.1 Theoretical implications
Our study suggests that employees engage in diverse BIS usage behaviors and that
routine use and innovative use require understanding with regard to their
distinctions. IS use is one of the most critical elements in the causal link from IS
implementation to performance and organizational success (Seddon, 1997). Prior
BIS literature has commonly treated BIS use as a broad behavioral category and
has examined it in the forms of duration or frequency (Popovič et al., 2012; Vukšić,
Bach, & Popovič, 2013). Though these assessment approaches capture the quantity
of a user’s engagement with BIS, they overlook the pluralistic nature of BIS use
and do not make important qualitative distinctions between BIS behaviors. We are
among the first to contrast routine and innovation behaviors in the BIS use
context, which enables us to make important conceptual distinctions between
routine use and innovative use in terms of their standardization or innovation
orientation. The twin learning concepts of exploration and exploitation, typically
studied at the organizational level, are also useful to enrich our understanding of
individual level usage behaviors in that routine use and innovative use,
respectively, utilize existing and create new knowledge concerning how an
implemented BIS can be used by employees to support their work (A. K. Gupta et
al., 2006; M. Gupta & George, 2016).

The results of our research suggest that the relationships between BIS routine use
and the impact on marketing and sales, impact on management and internal
operations, and impact on procurement are all positive and highly significant. This
means that higher levels of routine BIS use are related with higher levels of all
partial BIS impacts on firm performance, which is consistent with the RBV theory.

Similarly to routine use, innovative use also shows a positive and highly significant
correlation with the impact on marketing and sales, and the impact on
management and internal operations. A somewhat different relationship was
found between BIS routine use and the impact on procurement, which is still
significant but with a smaller impact. However, these findings are also consistent
with the RBV since higher levels of innovative BIS use are related with higher
levels of all partial BIS impacts on firm performance. Following the above
reasoning, it can be concluded that innovative use should follow routine use in
order to create an additional impact on firm performance; and that, regarding
partial impacts, the focus should be on the impact on marketing and sales, and on
the impact on management and internal operations.
The finding that BIS use has a greater impact on sales with marketing, and
management with internal operations than on procurement is consistent with
Picoto et al.’s (2014) findings that explain this outcome with the tendency of
procurement personnel to work in a traditional environment as opposed to sales or
support personnel. Extending this reasoning, we propose that a partial cause for
this can also be found in the need for sales personnel to act more innovatively as
they are often more exposed to a highly competitive business environment.
Further, our results indicate that the relationship between the impact on
marketing and sales, and the impact on firm performance is positive and of a high
magnitude. The same results were found for the linkage between the impact on
management and internal operations and the impact on firm performance, while
the linkage between the impact on procurement and the impact on firm
performance is nonsignificant. The overarching purpose of the procurement
function lies in value creation aimed at supporting firm performance (Pearcy &
Dobrzykowski, 2012). Recently, value creation hinges on a firm’s capability to
collaborate and share information with suppliers and customers (Callaway &
Dobrzykowski, 2009; Vargo, Maglio, & Akaka, 2008). While such collaborative
exchanges would seem to be conventional wisdom as a means to create value in
procurement, many firms struggle to achieve success in this regard (Muylle &
Vereecke, 2006), even through the use of BIS.
Last but not least, our model shows that BIS partial impacts on firm performance
explain a considerably large share of the impacts of BIS on the overall variance in
firm performance, where R2 is 0.67. With this result, we can confirm that by using
a BIS routine and/or innovative way the impact on firm performance among SMEs
can be influenced in the general sense.
6.2 Practical implications, limitations, and future research

Our research also carries important insights for SME organizational decisionmakers, IT solution providers, and IT specialists. We generally confirm Picoto et
al.’s (2014) view that when making innovation investment decisions firms need to
consider the value creation of an innovation. Our research offers them a list of
metrics which can be used to assess their own BIS innovations.
Managers should recognize that employees can use implemented BIS in diverse
ways: (1) employees may use BIS in a repetitive and standardized manner, or (2)
employees may take initiatives to apply BIS in a novel fashion and engage in
innovative use. As these BIS usage behaviors differ in the employees’ orientation
in how the implemented system is to be used to achieve work objectives, managers
should pay attention to the quality of BIS use above and beyond the quantity of
BIS use (e.g., time and frequency) (Boudreau & Sligman, 2007; Po-An Hsieh &
Wang, 2007). SME decision-makers who want to improve their firm’s performance
should consider the adoption and (innovative) use of the BIS since there is a
considerable possibility that, after using BIS, their firm performance will actually
improve. SME decision-makers should also focus on fostering BIS use primarily in
the business areas of marketing, sales, management, and internal operations and
not in the area of procurement because it is fairly possible that by using BIS in the
procurement area the firm performance will not increase. We further advise firms
that, in order to maximize their business value by using BIS, they should not stop
using BIS in the standard way. By expanding BIS use to include innovative ways,
they can create additional value.
In relation to BIS solution providers, they should focus their promotional activities
on sales personnel and management rather than on procurement personnel since
they can ensure the value of the BIS better by supporting sales/marketing, internal
operations, and management activities than by supporting procurement. Solution
providers that are often also supporters of the adopted BIS should also foster use
of the BIS. Although the firm performance of their SME customers can already be
improved by using BIS in the standard way, they should stimulate and support the
use of BIS at the level of innovative use as it is only then that the potential of the
BIS will be considerably exploited, while the solution provider’s business
references will grow.
Despite its theoretical and practical contributions, our study carries some
limitations and opens avenues for future research. First, our work was
geographically limited and included grouped categories of BIS partial impacts on
firm performance. Future work could use the proposed research model to replicate
BIS use and impact on firm performance within other environments (e.g. different
firm-size segments, across other countries) to advance our understanding of the

impact of BIS on firm performance while broadening the value aspects presented
above. Future research could also include adoption/use determinants in the model
to identify the antecedents of usage and broaden the overall picture of this
phenomenon. Finally, we encourage scholars to develop similar models for other
IS/IT innovations and test them in various environments.

7. Conclusions
This study explored how post-adoption use of BIS affects the partial BIS impacts
on firm performance in the SME milieu. Drawing on the Resource-Based Theory
and other IT literature led to the development of the research hypotheses and a
conceptual framework that explicates these relationships in the BIS context. We
conducted an empirical study among small and medium firms to test the research
model and hypotheses.
The results of this study indicate that BIS usage has a positive and significant
correlation with the partial impacts on firm performance, and that the partial BIS
impacts on firm performance explain a considerably large share of the impacts of
BIS use on the variance in overall firm performance.
Our study contributes to our understanding of how BIS impact firm performance
at the firm level in the SME milieu as to the best of our knowledge no present study
has examined this phenomenon in this manner. Moreover, this research provides
a reliable and valid instrument for predicting the impact of BIS on firm
performance as a result of BIS usage. While most of the prior studies merely focus
on use of the innovation, our research analyzes BIS use effects on firm
performance. Finally, by examining routine use and innovative use individually,
we provide a broader understanding of the post-adoption phenomenon of
innovation usage.
This study represents important progress in our theoretical understanding of the
role of BIS routine and innovative usage across different BIS partial impacts on
firm performance dimensions, i.e. the impact on marketing and sales, the impact
on management and internal operations, and the impact on procurement. The
results also provide instrumental insights for managers and solution providers to
help them understand the influence of various determinants to more effectively
conclude the post-adoption process in SMEs. We hope this work inspires future
attempts to elaborate on our findings.
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