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Abstract

Purpose: In this paper, we assess the role of knowledge management (KM) practices as a key
antecedent of KM performance. Also, we examine how information technology (IT) infrastructure is
used as a driver of KM performance, organizational performance and innovation. In addition, the
effects of IT infrastructure can be indirect. Specifically, we show that KM performance is a mediator
between, on the one hand, IT infrastructure and, on the other hand, organizational performance and
innovation.

Design/methodology: Applying Partial Least Squares (PLS), a composite-based structural equation
modeling, we have carried out a study among a sample of 82 Andalusian technology-intensive innovative
companies adopting both a confirmatory and predictive purposes.

Findings: First, both IT infrastructure and KM practices are key drivers of KM performance. Second,
KM performance shows a significant direct impact on business performance and innovation outcomes.
Third, the influence of IT infrastructure on business performance and innovation outcomes is not
direct but indirect through KM performance. Finally, the model shows good fit values and appropriate
predictive power to predict new observations of KM performance and organizational performance.

Practical implications: This research provides insights for why some firms may not be realizing
benefits from investing in IT infrastructure. KM performance is strongly needed for the successful
implementation of IT infrastructure in the organizations.

Originality/value: This study has a double research purpose, confirmatory and predictive. In this vein,
it applies new PLS developments focused on the goodness of fit as well as on the predictive
performance of the model. The findings are important for practitioners and researchers because this
study makes a contribution to the literature on KM by supporting the perspective that the business and
organizational performance are functions of the KM performance, a complementary resource through
which the value of IT infrastructure is enhanced.
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1. Introduction

Knowledge management (KM) is an interdisciplinary field in which contributions from different fields converge.
Thus, the initiatives that can be undertaken to manage knowledge are also the most heterogeneous (Holsapple &
Joshi, 2003). There are many definitions of KM (Argote, Mc Evily & Reagans, 2003). This research considers
KM as the set of mechanisms that an organization articulates to promote the generation and use of knowledge.
Thus, firms that are able to effectively manage knowledge resources are hoping to obtain benefits such as
improved customer service, reduced infrastructure costs, improved decision making, innovation, promoting
organizational agility and speed in developing new product lines, among others (Alavi, Kayworth & Leidner,
2005).

An adequate level of performance in a KM program requires processes that encourage and share that
knowledge. The KM practices are managerial or organizational initiatives with a strong operational character to
achieve organizational goals, through efficient and effective management of the firm’s knowledge resources
(Inkinen, 2016). These actions may be focused on the maintenance and protection of knowledge (Keying, Rui &
Xiaoli, 2010), the outside capture (Alavi et al., 2005), codifying (Hansen, Nohria & Tierney, 1999) or the human
factor (Razmerita, Kirchner & Sudzina, 2009).

The relationship between the KM performance and the business performance has been highlighted by authors
such as Davenport (1999). Swan, Newell, Scarbrough and Hislop (1999), argue that KM actions contribute to the
development of innovation. However, the relationship between KM and performance is an interesting question
yet to be resolved (Inkpen & Crossan, 1995). Wu, Dou and Fan (2009) also reveal possible differences in terms
of exploration and exploitation of knowledge and firm performance. Organizational performance can be
evaluated, and performance measurement can help companies examine strategies over time and help shape the
strategic direction of the firm (Venkatraman & Ramanujam, 1986). However, the contribution of the
performance of KM initiatives is an interesting question yet to be resolved.

Information technology (IT) is also used to facilitate efforts in KM (O'Leary, 2003). In addition, KM in
organizations should help optimize their information resources, as well as knowledge of the persons composing
it and contribute to improving their efficiency and innovation capability. The finding that technical IT
infrastructure played a very weak role in results agrees with a study based on the resource-based view (RBV).
Powell and Dent-Micallef (1997) stated that IT, as an isolated asset, could not be regarded as a strategic resource.
However, when IT is coordinated with complementary organizational resources, it becomes a source of
competitive advantage. In this vein, there are several studies that do not find a significant positive relationship
between IT infrastructure and overall performance (Loveman, 1994). This situation gives rise to the emergence
of the technological productivity paradox (Lucas, 1999), according to which the IT infrastructure is not
automatically transformed into improved outcomes for the companies.

Taking the previous puzzle into account, the following research questions arise: Are KM practices and the IT
infrastructure key antecedents of KM performance? What are the impacts of KM performance on
organizational and innovation outcomes? Does the IT infrastructure have a direct impact on organizational
performance and innovation outcomes?

With the aim of finding an answer, we have carried out a study using a sample (n = 82) of innovative companies
in Andalusia (Spain). The research model was evaluated by applying the Partial Least Squares (PLS) technique
adopting, (1) a confirmatory purpose in order to understand the causal relationships between constructs
(Henseler, 2018), and, (2) a predictive aim that allows it to be determined whether the model is able to make
predictions for individual cases (Shmueli, Ray, Velasquez Estrada & Chatla, 2016).
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The structure of this paper is as follows. After this introduction, we propose the theoretical background and the
hypotheses. Then, we describe the methodological aspects of this research and the results. Finally, we present the
discussion, the theoretical and practical implications, and the limitations and future lines of research.

2. Theory and hypotheses

2.1. KM practices and KM performance

KM practices are KM initiatives and activities with a distinct operational nature, such as working methods and
procedures. KM practices are defined as conscious and intentional organizational decisions projected to achieve
organizational goals through efficient and effective management of the firm’s knowledge resources (Inkinen,
2016).We refer to specific activities that allow and foster the sharing, maintenance and protection of knowledge.
The aim is to strengthen the knowledge cycle. Within the literature there are no constant dimensions identified to
measure KM practices (Altarawneh & Altarawneh, 2017). For the purpose of this study, these practices can be
classified into four dimensions according to their purposes: knowledge maintenance and protection, external
knowledge capturing, knowledge codification, and practices focused on the human factor. Davenport and Prusak
(1998) argue that an appropriate use of knowledge together with new knowledge creation can improve
organizational productivity and also inspire creativity.

KM performance reflects the outcomes that come from the implementation of KM practices and technologies.
In this line, a coherent development of KM actions can produce a greater impact on the results (Donate &
Guadamillas, 2007). Grant (1996) points out that the application and generation of knowledge cannot be
considered in isolation. So, an integrated implementation of these KM practices would positively promote the
outcomes. With regard to KM practices, Handzic (2015) notes that social initiatives may be more important than
techniques for a successful KM implementation. Based on the above comments, the following hypothesis is
stated:

H1: KM practices are positively associated with KM performance

2.2. KM performance and organizational performance

Organizational performance can be defined as the degree to which the company achieves its business objectives
(Elenkov, 2002). The ability of an organization to acquire, shate, use and create knowledge can positively
influence financial outcomes (Garvin, 1993). According to Chong, Salleh, Ahmad and Sharifuddin (2011), there
are positive effects of knowledge sharing processes on organizational performance. The processes of knowledge
sharing and technology resources are important antecedent variables of organizational outcomes (Alavi &
Leidner, 2001). Thus, Ho (2009) concludes that KM should have a positive impact on organizational
performance. Taking these considerations into account, the following hypothesis is stated:

H2: KM performance is positively associated with organigational performance

2.3. KM performance and innovation

The Oslo Manual (OECD, 2005) makes a clear reference to the telationship between innovation and KM. In this
papet, we consider innovation as goods or setrvices that are new or significantly improved, and/or new or
significantly improved processes (OECD, 2005). Innovations emerge from the intersection of people and
knowledge flows (Starbuck, 1992). KM is usually presented as a means to the innovation process (Scarbrough,
2003).

KM and its impact on the innovative capability have been studied by different researchers from the nineties
(Daghfous & White, 1994; Leonard-Barton, 1995; Kerssens-van Drongelen, Weerd-Nederhof & Fisscher, 1996;
Stanovcic, Pekovic & Bouziri, 2015). A company managing knowledge uses resources more efficiently, and will
therefore be more innovative and achieve a better performance (Darroch, 2005). Wang and Wang (2012) develop
a research model which postulates that knowledge sharing affects innovation. Based on the above arguments, the
following hypothesis is proposed:

H3: KM performance is positively associated with innovation
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2.4. IT infrastructure and KM performance

The literature regarding the effects of IT resources recognizes one research stream from the technical
perspective where the knowledge management processes are supported by infrastructure, techniques, and
systems (Mao, Liu, Zhang & Deng, 2016). According to this perspective, I'T infrastructure refers to technology
resources to support knowledge flows in an organization (Gold, Malhotra & Segards, 2001). IT infrastructure
includes both the hardware and software applications that underlie the knowledge use (Real, Rolddn & Leal,
2006).

In recent years, several researchers have associated knowledge processes with the development of IT (King,
2005; Choi, Lee & Yoo, 2010). IT tools can facilitate communications and support for collaborative works,
regardless of time and place, and it is an indispensable part of KM practices (Chadha & Saini, 2014). IT
infrastructure is a key antecedent of successful KM initiatives (Serenko, Bontis & Hull, 2016). IT can enable
access and retrieval of information and can support collaboration and communication between organizational
members (Ho, 2009). In essence, IT infrastructure can play a variety of roles to support the organization’s KM
processes.

It is undisputed that IT is a key factor for KM implementation (Migdadi, 2009). According to Turban, Aronson,
Liang, Sharda, Delen & King (2010), there are several I'T categories that serve as a basis for KM: communication,
collaboration, storage and recovery technologies. In addition, those decision-making tools included under the
business intelligence umbrella can be added. Moreover, IT is related to the different KM processes, including
knowledge creation (Pawlosky, Forslin & Reinhardt, 2001). In this way, there are a variety of methods, tools and
actions that may support the process of knowledge generation and creation (Nonaka, Toyama & Byosiere, 2001).
Riege (2005) highlights that the key issue is to choose and implement an appropriate information technology
infrastructure which provides a petfect fit between people and organizations. In this regard, Haque and Anwar
(2012) found that technical infrastructure makes the employees technically capable to create, transmit and apply
knowledge; it acts as a medium for the flow of knowledge. From these considerations, we postulate that:

H4: I'T infrastructure is positively associated with KM performance

2.5. IT and organizational performance

The strategic importance of IT as a source of competitive advantages is underlined from various perspectives.
From an industrial approach, based on the structure-conduct-performanceparadigm, IT use can provide a
competitive advantage for firms (Kettinger, Grover, Guha & Segars, 1994). Davenport and Prusak (1998)
highlight the importance of technological advances in KM effectiveness and its overall contribution in
organizational performance. Similarly, there are many studies that have shown a positive relationship between I'T
investment and performance (Mahmood & Mann, 1993; Kelly, 1994; Brynjolfsson & Hitt, 1996). Luftman,
Lyytinen and Zvi (2017) consider that IT infrastructure is an element that needs to be aligned with other
activities for its positive impact on business performance. Mills and Smith (2011) also refer to most researchers
observing a positive relationship between technological infrastructures and company performance. Grant (1991)
believes that I'T can be considered as a key requirement to customer value creation, enabling the firm to beat the
competition. These arguments lead us to state the following hypothesis:

H5: IT infrastructure is positively associated with organizational performance

2.6. IT infrastructure and innovation

Rampersad, Plewa and Troshani (2012) note a paucity of research about the use of IT for innovation
management. The existing studies have examined IT as a medium of operations and an exogenous factor that
affects innovation, but these studies have not found a clear link between IT and innovation (Asaad & Marane,
2016). Tushman (1977) documented the importance of information from multiple sources, both inside and
outside the organization, for innovation processes. Dewett and Jones (2001) suggested that IT infrastructure
facilitates innovation by the principle of information efficiency. Recent studies (Durmusoglu & Barczak, 2011;
Kleis Chwelos, Ramirez & Cockburn, 2012) have focused on understanding how and when IT tools and
applications increase the probability of successful innovations. Real et al. (20006) indicate that I'T infrastructure is
a driver of the development of distinctive technological competencies, i.e., the ability to develop and design new
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products, services and processes. Also, Cooper (2003) presents a practical experience of the influence of IT on
the development of new products. According to the above arguments, we formulate the following hypothesis:

Ho6: IT infrastructure is positively associated with innovation

Figure 1 summarizes the research model and hypotheses.

Figure 1. Research model

3. Method

3.1. Participants

The population of this study is made up of Andalusian innovative firms that have implemented knowledge
management practices. Given the inherent problem of identifying its specific components, we follow a snowball
sampling (Biernacki & Waldorf, 1981) procedure to obtain a convenient final sample of 82 companies, based on
the contributions of several consulting firms. The organizations participating in this study belonged primarily to
the knowledge intensive services (50%), services (28%) and manufacturing sectors (22%). According to the
European Union classification, most of the participating entities are small and medium enterprises (73.2%). All
companies have set in motion knowledge management initiatives, although only 51.4% of them have a formal
program of knowledge management being implemented.

Respondents of the survey were managers with a direct knowledge of their organizations’ KM activities. Of the
participants, 24.4% belonged to the quality department, followed by members of the senior management
(20.4%), operations (13.4%), and human resources department (13.4%).

3.2. Measures

All the constructs included in this study can be considered as design constructs or artifacts, that is to say, human-
made instruments theoretically justified and typically created by managers and staff in companies (Henseler,
2017a), such as management instruments, innovations, or information systems (Henseler, Hubona & Ray, 2010).
Since such artifacts are shaped from a series of elementary parts or components which are combined to form a
new entity, Henseler (2017a) suggests modeling them as composites. In this vein, a composite measurement
model represents constructs as weighted linear combinations of its indicators (Nitzl & Chin, 2017), where
indicators neither cause nor reflect the construct, but compose it (Henseler, 2017a).

Whenever possible, items were derived and translated from previously verified sources (Appendix). In this
respect, KM performance and business performance variables were measured by scales adapted from the study
of Venkatraman and Ramanujam (1986). We used five items (5-point Likert scale) for both variables. On the
other hand, for the rest of the cases, the items used to measure the variables of interest were created specifically
for this study. Thus, KM practices were measured by four indicators that count implemented practices in four
dimensions (CWA 2004; Earl 2003, 2005; OECD, 2005): knowledge maintenance and protection, external
knowledge capturing, knowledge codification, and knowledge generating and sharing practices based on the
human factor. The IT infrastructure for the KM construct was measured by three items that consider IT
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applications implemented in three ateas (Alavi & Leidner, 2001; Turban et al. 2010; Xu & Quaddus, 2005):
communication and collaboration, information storage and recovery, and business intelligence applications. The
innovation variable was measured by one item with four levels (Earl, 2005), from 1 (no innovation in processes
and products) to 4 (innovation in processes and products). Finally, we included a control variable, Size. This was
measured by one item: number of employees.

3.3. Data analysis

In order to test our hypotheses, we have used the Partial Least Squares (PLS) technique, a composite-based
structural equation modeling (Rigdon, 2013). We have chosen PLS taking the following reasons into account: (1)
given we aim to estimate a model of composites, then we should use a composite-based method like PLS
(Rigdon, Sarstedt & Ringle, 2017; Sarstedt, Hair, Ringle, Thiele & Gudergan, 20106); (2) this research has a double
purpose, explanation and prediction of the dependent variables (Henseler, 2018; Shmueli et al., 2016); (3) the
research model is complex in terms of its number of indicators, and the types of relationships (direct and
indirect) (Roldan & Sanchez-Franco, 2012). We have used Smart PLS 3.2.7 software (Ringle, Wende & Becker,
2015).

4. Results

According to Henseler, Hubona and Ray (2016) and Henseler (2018), we assess our PLS model in four stages: (1)
Overall model, (2) measurement model, (3) structural model, and (4) predictive performance.

4.1. Overall model: Tests of goodness-of-fit (GoF)

Considering that our study has a confirmatory purpose, we begin the analysis of the estimated model focusing
our interest on several measures of overall goodness-of-fit (GoF) (Henseler, 2018) available for PLS (Henseler,
Hubona et al., 2010).

The evaluation of the standardized root mean square residual (SRMR) (Hu & Bentler, 1998) index offers a
satisfactory value of 0.0572 (Table 1), which is under the usual cut-off of 0.08 proposed by Hu and Bentler
(1999). Additionally, we have carried out various tests of model fit (SRMR, dus, dg) by means of inference
statistics based on bootstrap (Henseler, Hubona et al., 2016). Since these indices are under the bootstrap-based
95% (HI95) percentile (Table 1), the discrepancy between the empirical and the model-implied correlation matrix
is not significant. Therefore, the hypothesized model cannot be rejected because it is likely true (Henseler,
2017b). Consequently, the data do not contain more information than the model conveys (Henseler, Hubona et
al.,, 2010).

Estimated model
Value HI95
SRMR 0.0572 0.0784
dyp 0.6227 1.1681
de. 0.4349 0.6166
Saturated model
Value HI95
SRMR 0.0528 0.0727
di s 0.5292 1.0048
. 0.4297 0.6041

Table 1. Tests of model fit

4.2. Measurement model

We carry out a confirmatory composite analysis using overall model fit tests of the saturated model (Henseler,
Hubona et al.,, 20106), which allow us to assess the external validity of the composites (Henseler, 2017a). The
three measures of discrepancy between the empirical and the model-implied correlation matrix are below their
corresponding HI95 values for the saturated model (Table 1), which means that the discrepancy is not
significant. Therefore, we can assume that indicators form the composites according to the measurement model
proposed (Henseler, 2017c).
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Then, we assess those composites estimated in Mode A (KMPerf and OP) where we expect that their manifest
variables are correlated. In this case, usual measures of reliability and validity can be applied (Henseler, Ringle &
Sarstedt, 2016). In our study, both variables satisfy the usual and established requirements (Roldan & Sanchez-
Franco, 2012). First, individual item reliability is appropriate since loadings are greater than 0.707 (Table 2).
Second, construct reliability is met since composite reliabilities are greater than 0.7 (Table 3). Besides, convergent
validity is achieved because average variance extracted (AVE) measures are above 0.5 (Table 3). Finally, both
constructs attain discriminant validity applying the comparison of the square root of AVE against correlations
(Fornell & Larcker criterium) (Table 3) and the HTMTj;s criterion (Henseler, Ringle & Sarstedt, 2015) (Table 4).

Construct/Indicator | VIF | Weight | Loading
Knowledge Management Practices (KMP)(Mode B)

Knowledge maintenance and protection 1.463 0.2233 0.6773
External knowledge capturing 1.33 -0.0785 0.4356
Knowledge codification 1.541 0.3978%* 0.7913
Knowledge practices focused on the human factor 1.548 0.6359% 0.8935
Knowledge Management Performance (KMPerf)(Mode A)

kmperfl 0.8756
kmperf2 0.9252
kmperf3 0.9254
kmperf4 0.8882
kmperf5 0.837
Information Technology Infrastructure (IT)(Mode B)

Communication and collaboration technologies 1.944 0.5761 0.9232
Information storage and recovery technologies 2.039 0.3405 0.8599
Business intelligence applications 1.337 0.2598 0.6751
Organizational Petformance (OP)(Mode A)

opl 0.8114
op2 0.8948
op3 0.8748
op4 0.9072
op5 0.9127
Innovation (I)

il | | | 1
Size (S)

s1 | | | 1

Notes: * significant p < 0.05(2 tails) VIF: Variance inflation factor

Table 2. Measurement model

CR AVE Construct KMP KMPerf ITI OP I S
n.a. n.a. KMP n.a.
0.9505 0.7938 KMPerf 0.5229 0.8910
n.a. n.a. IT 0.5434 0.4656 n.a.
0.9453 0.7761 oP 0.2055 0.4575 0.3307 0.8810
n.a. n.a. 1 0.3121 0.3322 0.2755 0.0753 n.a.
n.a. n.a. S 0.1578 0.1585 0.3715 0.2957 0.1026 n.a.
Notes:

1) Diagonal elements (bold) are the square root of the variance shared between the constructs and their measures
(AVE). Off-diagonal clements are the correlations between constructs. For discriminant validity, diagonal
elements should be larger than off-diagonal elements.n.a.: non-applicable.

2) CR: Composite reliability; AVE: Average variance extracted.

3) KMP: Knowledge Management Practices; KMPerf: Knowledge Management Performance; IT: Information
Technology Infrastructure; OP: Organizational Performance; I: Innovation; S: Size.

Table 3. Construct reliability, convergent validity and discriminant validity (Fornell & Larcker criterion)

KMPetrf OP I S
KMPetrf
OoP 0.4913
I 0.3392 0.0870
S 0.1654 0.3080 0.1026
Notes:

1) KMPerf: Knowledge Management Performance; OP: Organizational Performance; I: Innovation; S: Size.
Table 4. Discriminant validity: Heterotrait-Monotrait Ratio (HIMT)
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Composites estimated in Mode B (KM practices and IT infrastructure) are assessed evaluating the discriminant
validity, the potential multicollinearity, and the magnitude of weights. First, discriminant validity is achieved since
correlations between components and the rest of the variables are less than 0.7 (Urbach & Ahlemann, 2010).
Second, given that the maximum variance inflation factor (VIF) value is 2.039, well below the threshold of 3.3
(Roldan & Sanchez-Franco, 2012) (Table 2), we can assume there is no problem of multicollinearity between
manifest variables of each composite. Finally, weights inform about how each item contributes to its composite.
Hence, they allow these indicators to be arranged in order, according to their impact (Henseler, Ringle &
Sinkovics, 2009). Table 2 shows that knowledge practices focused on the human factor and knowledge
codification represent the most important activities in the composition of the KM practices constructs. In
addition, communication and collaboration technologies are the key applications in the IT infrastructure.

4.3. Structural model

In this stage, we assess the R* values of endogenous constructs, the algebraic sign, magnitude, significance and
the f values of the standardized regression coefficients (Hair, Hult, Ringle & Sarstedt, 2017).

Figure 2 and Table 5 show the explained variance (R’) in the endogenous variables and the path coefficients. The
R? value enables the predictive power of our model (in-sample prediction) for dependent constructs to be
assessed. Thus, we achieve near moderate values of variance explained for KM performance and organizational
performance variables, because their R* values ate close to 0.33 (Chin, 2010) (Table 5).

To evaluate the significance of the direct effects of the path model, a bootstrapping (5,000 samples) process was
carried out in order to obtain #values and percentile confidence intervals (Roldan & Sanchez-Franco, 2012).
Considering data provided in Table 5, H1-H4 are supported, since the four direct relationships are positive and
significant. These four links reach f values above the minimum level of 0.02 (Chin, 2010). However, the effects
described by H5 and H6 are not significant in addition to having £ values under 0.02. This means that the I'T
infrastructure does not have a direct effect on the global performance variables, that is to say, organizational
performance and innovation constructs. Meanwhile the firm size, as a control variable, has a significant influence
on organizational performance. Finally, Table 5 shows the variance decomposed in each dependent component.
We observe how KM practices explain 20.02% of the KM performance, while the IT infrastructure accounts for
practically half of this figure. On the other hand, the KM performance is the main antecedent variable of the
organizational performance.

H3(+) 072

Hi(+) 153
H4(+) 258%

H(+] Z0] etk

nos

EG(+) 26%

Hakkp = (1001, #6p = 001, *p = 005, - notsigrificat (based o o) 4999, one-tailk dtest)
P = 005, not signd it (haced on t{4 900, e -taile dtest)

Figure 2. Structural model results
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Direct effect t-value | p-value ‘ CI ‘ Explained variance ‘ £
KMPerf
R%*=0.320
H1(+): KMP 0.383 3.654 0.000 [0.231; 0.574] Sig. 20.02% 0.152
H4(+): IT 0.258 2.236 0.013 [0.065; 0.441] Sig; 11.99% 0.069
OoP
R* = 0.264
H2(+): KMPerf 0.391 3.184 0.001 [0.175; 0.581] Sig; 17.90% 0.163
H5(+): IT 0.072 0.559 0.288 [-0.126; 0.300] NSig; 2.37% 0.005
S 0.207 2.287 0.022 [0.003; 0.364] Sig; 6.12% 0.050
I
R%=0.129
H3(+)KMPerf 0.260 2.176 0.015 [0.061; 0.455] Sig. 8.65% 0.061
HO6(+): IT 0.153 0.811 0.209 [-0.157; 0.458] NSig; 4.20% 0.019
S 0.005 0.056 0.956 [-0.173; 0.152] NSig; 0.05% 0.000
Notes:

1) CI: Percentile confidence interval. Bootstrapping based on n = 5000 subsamples.

2) A one-tailed test for a t Student distribution (CI 90%) is applied to evaluate hypothesized paths. Effects from the
control variable are assessed by applying a two-tailed test (CI 95%). Sig. describes a significant direct effect at 0.05; NSig;
denotes a non-significant direct effect at 0.05.

3) KMP: Knowledge Management Practices; KMPerf: Knowledge Management Performance; I'T: Information Technology
Infrastructure; OP: Organizational Performance; I: Innovation; S: Size.

Table 5. Effects on endogenous variables

Finally, a post-hoc indirect effect analysis has been performed. Applying the analytical approach proposed by
Nitzl, Roldan and Cepeda-Carrion (2016), we test two indirect effects. As Table 6 shows, both indirect
relationships are significant. This means that the KM performance mediates the influence of IT infrastructure
on performance variables, that is, organizational performance and innovation. Therefore, considering that the
direct relationships described by H5 and H6 are not significant, our results seem to indicate that the influence of
IT infrastructure on performance variables is not direct but indirect. Consequently, the KM performance variable
is a key mediator in these indirect links.

Indirect effect ‘ Point estimate CI
Lower Upper
IT--> KMPerf-->OP 0.1008 0.0075 0.2191 Significant
IT-->KMPerf-->1 0.0671 0.0003 0.1667 Significant
Notes:

1) CI: Percentile confidence interval. Bootstrapping based on n = 5000 subsamples.
2) KMPerf: Knowledge Management Performance; IT: Information Technology Infrastructure; OP:
Organizational Performance; I: Innovation.

Table 6. Indirect effects of IT infrastructure

4.3. Evaluation of the predictive performance

The predictive performance of a model “refers to a model’s ability to generate accurate predictions of new
observations, where new can be interpreted temporally” (Shmueli & Koppius, 2011, p. 555). In this way, the
predictive ability (out-of-sample prediction) has been evaluated using cross-validation with holdout samples
(Evermann & Tate, 2016). We have applied the PLS predict algorithm (Shmueli et al, 2016) included in the
SmartPLS software version 3.2.7. (Ringle et al., 2015), as well as the new measures of predictive performance for
a specific model developed by the SmartPLS team (SmartPLS, 2017) (cf. also Felipe, Roldan & Leal-Rodriguez,
2017).

At the construct level, we obtain good results for KM performance and organizational performance variables,
since their 7 values are above 0 (Table 7). However, our model does not show predictive power for the
innovation construct. An equivalent result is attained at the indicator level, where the PLS-SEM results generally
show lower prediction errors (e.g, in terms of RMSE or MAE), and greater ( values, than those values
provided by the linear regression model (LM) for the manifest variables of KM performance and organizational
performance.
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As a conclusion, we found evidence that our research model has predictive power (out-of-sample prediction) to
predict values for new observations of KM performance and organizational performance variables using data
that are not included in the dataset used to test the research model (Dolce, Esposito Vinzi & Lauro, 2017).

Construct Prediction Summary
CF

KMPerf 0.197

or 0.142

1 -0.298

Indicator Prediction Summary
PLS LM PLS-LM
RMSE | MAE P RMSE| MAE | @2 RMSE| MAE | @

kmperfl | 0.701|  0.506 0.248 | kmperfl 072] 0552 0.206 | kmperfl 0.019] 0.046| 0.042
kmperf2 | 0715 0547 0.238 | kmperf2 0.751| 0.58 0.16 | kmperf2 20.036| -0.033| 0.078
kmperf3 0.823 0.631 0.116 | kmpetf3 0.841| 0.661 0.078 | kmperf3 -0.018 -0.03| 0.038
kmperf4 0.844 0.65 0.141 | kmpetf4 0.897| 0.688 0.029 | kmperf4 -0.053| -0.038| 0.112
kmperf5 0.819 0.631 0.137 | kmpetf5 0.812] 0.635 0.151 | kmpetf5 0.007| -0.004| -0.014
opl 1.016 0.797 0.057 | opl 1.083| 0.849 -0.073 | opl -0.067| -0.052 0.13
op2 0.879 0.658 0.098 | op2 0.951| 0.724 -0.056 | op2 -0.072| -0.066| 0.154
op3 1 0.735 0.002 | op3 1.072| 0.804 -0.148 | op3 -0.072| -0.069 0.15
op4 0.889 0.642 0.061 | op4 0.959| 0.715 -0.094 | op4 -0.07| -0.073| 0.155
op5 0.885 0.641 0.095 | op5 0.937 0.7 -0.014 | op5 -0.052| -0.059| 0.109
il 1.117 0.911 0.047 | i1 1.116 0.879 0.049 | i1 0.001 0.032| -0.002
Notes:

1) KMPerf: Knowledge Management Performance; OP: Organizational Performance; I: Innovation.
2) PLS: Partial least squares path model; LM: Linear regression model; RMSE: Root mean squared error; MAE: Mean absolute
errof.

Table 7. PLS predict assessment

5. Discussion and conclusions

5.1. Theoretical implications

This research offers five core contributions for theory and research. First, KM practices affect KM performance.
The most important KM practices ate based on the human factor, while the least important is the extetior
knowledge capture. The practices focused on the human factor are implemented to generate and share
knowledge, encouraging socialization between individuals in the traditional processes of knowledge creation and
transfer that took place through face-to-face interaction, planned, or ad hoc (Alavi & Leidner, 1999). Therefore,
these types of practices have a greater importance in predicting success in KM performance. This review is in
line with Inkinen (2016) who pointed out highly knowledge-intensive HRM practices are a central vehicle to
manage organizational knowledge resources.

Second, although there are studies that have concluded that it is difficult to evaluate KM performance, in this
research the positive influence of KM performance on organizational performance has been tested. In line with
the comments made by Mills and Smith (2011), the performance of knowledge resources (e.g., organizational
structure, the application of knowledge) is directly related to organizational performance.

Third, it has been shown that KM performance contributes to innovation development in the organization.
Innovation reaches out to benefit from the extra-firm resources that are available through both individual and
organizational relationships (Inkinen, 2015). According to Snowden (2003), one of the main objectives of KM is
to create the conditions for innovation. In this sense, our contribution emphasizes the importance of networking
people in knowledge sharing. When the knowledge is integrated and used effectively, it can improve
organizational innovation. In the same vein, the study of Inkinen, Kianto and Vanhala (2015) showed how
various types of KM practices impact on the firm’s innovation performance and adds to a better understanding
of how knowledge should be managed for organizational benefit.
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Fourth, another key finding is that the adoption of an IT infrastructure for KM has a positive effect on KM
performance. While the technology itself is not KM, it can act to stimulate and support knowledge exchange
processes, making them more operational and effective.

However, as suggested by Hansen and Thompson (2002), companies can maintain databases, engage in data-
mining, implement expert systems, provide access to email and the Internet, develop intranets and extranets,
provide collaborative tools — and still lack the ability to capitalize on their knowledge. Following Alavi and
Leidner (2001), the processes of creation, storage, retrieval and transfer of knowledge does not necessarily lead
to greater organizational performance. It is the effective application of this knowledge which can actually lead to
these results for the organization.

Fifth, Powell and Dent-Micallef (1997) state that IT alone cannot be considered as a strategic resource, but it is
through the KM performance that I'T has an impact on organizational performance and innovation. In terms of
sustainability, the IT competitive advantages lie in I'T- related management skills, not in the technology itself
(Mata, Fuerst & Barney, 1995). This idea has been confirmed in subsequent studies (e.g., Teo & Ranganathan,
2003), in which the importance of IT capabilities is highlighted.

IT is widely held to be increasingly homogeneous and hatrdly a developed "measure" within the company, due to
their complexity (Smith, Vasudevan & Tanniru, 1996), likely to become a product through imitation and
acquisition (Clemons & Row, 1991).

5.2. Practical implications

Our study has several important managerial and practical implications. First, firms should invest in KM practices
that are needed for technology-oriented utilization and development of knowledge, the practices focused on the
human factor are particularly important. These practices are implemented to promote socialization among
individuals, fostering the generation and sharing of knowledge. Managers should seck employees who have
suitable skills that support and generates a culture of trust and learning. Human capital management is a driver
to increase KM performance, employees involvement to develop new notions and share knowledge which also
enhances innovative results.

Second, although there is an inclination to state that a successful KM should contribute to better business results,
this still presents a vivid debate. From our results, it is observed that good results in KM portend good overall
results in the organization. It can be predicted that a company with a good KM performance has greater
organizational performance and innovation, and the managers should focus resources to obtain better KM
practices and improve IT infrastructure.

Finally, it is important to have the technological tools that support the processes for integrating the KM cycle.
However, this is not the most critical aspect for KM. These technologies may sometimes be a necessary but not
sufficient condition for the implementation of KM. Managers should invest in complementary intangible assets
which could leverage a positive effect of IT on organizational performance and innovation, so the company can
create unique capabilities that can be a source of sustainable competitive advantage.

5.3. Limitations and future research

This research presents the following limitations. The measures used to evaluate some constructs are derived
measures, so we did not use scales specifically designed to assess these variables (KM practices and IT
infrastructure). Another limitation is that the measures are based on the perceptions of the participants in the
study. However, the use of measures based on perceptions is not necessarily seen as a weakness. In fact,it has
clear findings of convergence between subjective performance measures and objective measures (Venkatraman
& Ramanajunam, 1986). Besides, as we use a single informant there is the possibility that he or she could create a
real connection between the variables (Podsakoff, MacKenzie, Lee & Podsakoff, 2003).

As future research lines, alternative research designs could be followed. For instance, a longitudinal approach
would allow studying the evolution of KM in the company. On the other hand, qualitative studies would allow
delving further into the relationships described in our study.
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Appendix: Questionnaire items

Knowledge Management Practices (KMP) (Adapted from CWA 2004; Earl 2003, 2005; OECD, 2005)
Knowledge maintenance and protection: Number of implemented practices from a list of five activities
linked to knowledge maintenance and protection

External knowledge capturing: Number of implemented practices from a list of four activities linked to
the capture of external knowledge

Knowledge codification: Number of implemented practices from a list of six activities linked to
knowledge codification

Knowledge practices focused on the human factor: Number of implemented practices from a list of
seven activities linked to practices focused on the human factor

Knowledge Management Performance (KMPerf) (5-point Likert scale) (Powell & Dent-Micallef,
1997)

kmperfl: Our knowledge management has dramatically increased our organization’s productivity
kmperf2: Our knowledge management has improved our competitive position

kmperf3: Our knowledge management has dramatically increased our profitability

kmperf4: Our knowledge management has dramatically increased our revenues

kmperf5: Our knowledge management has dramatically improved our overall performance

Information Technology Infrastructure (IT)(Adapted from Alavi & Leidner, 2001; Xu & Quaddus,
2005, Turban et al., 2010)

Communication and collaboration technologies: Number of implemented technologies from a list of
nine IT options to support both communication and collaboration in the organization

Information storage and recovery technologies: Number of implemented technologies from a list of ten
IT options to support both the storage and recovery of information and knowledge in the organization
Business intelligence applications: Number of implemented technologies from a list of five I'T options to
support business intelligence initiatives in the organization

Organizational Performance (OP) (5-point Likert scale) (Powell and Dent-Micallef, 1997)

opl: Over the past 4 years, our financial performance has been outstanding

op2: Over the past 4 years, our financial performance has exceeded that of our competitors

op3: Over the past 4 years, our sales growth has been outstanding

op4: Over the past 4 years, we have been more profitable than our competitors

op5: Over the past 4 years, our sales growth has exceeded that of our competitors

Innovation (I) (1= no innovation in processes and products, and 4= innovation in processes and
products (Adapted from Earl, 2005)

Over the past 3 years, what has been the result of your innovation efforts?

Size (S)

How many employees has your organization?
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