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Abstract
Purpose – The paper seeks to develop a business model that shows the impact of operational
knowledge assets on intellectual capital (IC) components and business performance and use the model
to show how knowledge assets can be prioritized in driving resource allocation decisions.

Design/methodology/approach – Quantitative data were collected from 84 high-tech federal
contractors in the Washington DC metro area. Respondents in the target population were middle-level
and operations managers of business sectors holding positions as presidents, vice-presidents,
directors, engineering managers, operations managers, and analysts. Partial least squares (PLS)
analysis was performed to develop a structural model between operational knowledge assets and IC
components that maximizes explained variance for business performance. Operational assets were
specified as formative constructs and IC and business performance were specified as reflective
constructs.

Findings – A parsimonious conceptually sound model with significant measured variables and path
coefficients was developed that explains almost 40 percent of the variance in business performance.
The model shows both the interrelationships between the IC components that drive performance and
the operational assets as levers for each IC component, respectively.

Research limitations/implications – The scope of the study was focused on the high-tech federal
contractors in the USA. However, the model can be applied and tested in different industry sectors.
This would provide evidence of the different operational knowledge assets used as levers in different
industry sectors.

Practical implications – Senior executives and chief financial officers in particular are constantly
challenged with making the optimum investment decisions given their budget constraints. The model
offers a tool for developing and evaluating different resource allocation decisions based on an
organization’s strategic intent. In addition, the model can be useful in evaluating merger and
acquisition decisions. In evaluating target companies the model can be used to identify the core
capabilities or competency areas that the target company is leveraging and assess the impact or
integration potential for the acquiring company.

Originality/value – This is the first study in the field of IC that has adopted the use of formative
indicators in specifying operational knowledge asset constructs. Previous research has focused on
developing models with the use of proxy measures as reflective indicators. Therefore the emphasis so
far has been on scale development. The use of formative items in this study fills both the business need
and theory gap to understand better the causal relationships that exist between work and knowledge
assets.
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Introduction
There are many different intellectual capital (IC) models (Sveiby, 2001) that try to
articulate the link between knowledge assets and business performance. The majority
of them provide an effective high-level taxonomy of intangibles, which primarily
anchor around three components:

(1) human capital;

(2) structural capital (SC); and

(3) customer capital (CC).

These categories can be useful at the strategic level in terms of identifying the
competence areas of the organization and determining strategic objectives accordingly.
In addition, the components of these models have been focused on surrogate measures
such as operational, financial or even knowledge-based metrics that contribute to IC
valuation as a single component (Powell, 2002). The usefulness of these models can be
enhanced if practitioners at the operational level have a language that is sufficiently
granular to enable them to understand and manage the intangible factors of production
that contribute to IC valuation. For the purposes of this research study, the term
“knowledge assets” will be used to describe intangible factors of production at the
operational level.

Overall, there is a lack of a fundamental and coherent understanding of the
operational knowledge assets that people leverage to drive IC and business
performance. A recent Mercer report showed that:

. 92 percent of Chief Financial Officers agree that human capital (HC) determines
customer satisfaction;

. 82 percent said that HC determines profitability; and

. 72 percent believe that HC influences innovation.

However, 84 percent of the respondents above indicated that they do not explicitly
understand what actually drives returns from HC investments (Mercer Human
Resource Consulting and CFO Research Services, 2003).

The scope of this paper is on the operational knowledge assets that human capital
leverages to drive IC and business performance. The purpose of this study is two-fold:

(1) to develop a business model that shows the impact of operational knowledge
assets on IC components and business performance; and

(2) to use the model to show how operational knowledge assets can be prioritized in
driving resource allocation decisions.

Literature review
The recent productivity of academic research in the fields of KM (knowledge
management) and IC (intellectual capital) has been phenomenal (Serenko and Bontis,
2004). However, the distinction between intellectual capital and knowledge
management (KM) is still not very clear. IC is static (Sveiby, 1998) and is more
concerned with the identification, strategic governance (Wiig, 1997) and exploitation of
intellectual assets to create value (Sullivan, 1998; Roos et al., 1998). Consequently, IC
draws the attention of external constituents (i.e. financial analysts, shareholders) who
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place emphasis on the valuation of the stock of intellectual assets at a given point in
time.

On the other hand, KM is more dynamic and is thus more process oriented. KM
addresses the “how” with heavy emphasis on the flow of knowledge (Sullivan, 1998)
and thus addresses the operational and tactical elements of the organization (Wiig,
1997). In summary, IC is often referred to as a stock and KM is often referred to as a
flow (Bontis et al., 2002). However, both disciplines are still focused on leveraging
organizational assets to improve business results.

Wiig (1997) emphasizes that a balanced integration of the two practices (i.e.
integration of IC results with KM activities) is essential for achieving sustainable
competitive advantage. However, he continues by observing that organizations today
have failed to follow a comprehensive approach, thus focusing on one perspective at
the expense of the other.

Stewart (2002) states that the flaw of KM is that it frequently fails to ask what
knowledge to manage and why. Overall, Stewart (2002) makes the point that KM
resources are wasted because work and knowledge are not linked. Answering
questions that reveal the content and structure of knowledge is important in building
successful KM programs. For example, Stewart (2002) cites a sample list of questions
including:

. What do your customers expect you to know?

. What intellectual materials – facts, bodies of knowledge, technologies, etc. – do
you call upon?

. How does work actually get done around here?

In addition, Sveiby (2001) states that the major challenge faced by the IC measurement
and KM community relates to the use of proxies such as dollars, euros, and indicators
that are far removed from the actual event or action that caused the phenomenon.
Similarly, Wiig (1997, p. 403) emphasizes that organizations need to integrate the
practices of IC and KM by identifying and explaining “the links which describe causal
relationships [. . .] identify the concepts, mental models and experiential knowledge
required to perform intellectual work in order to deliver quality products and services”.

Only five published studies (Chen et al. 2004; Bontis, 1998, 2004; Bontis et al. 2000;
Bontis and Fitz-enz, 2002) in the extant academic literature have focused on making the
link between IC stocks and flows by analyzing the structural relationship of IC
components. Results thus far have shown a significant direct link between the IC
components and performance, with an explained variance (R 2) ranging between 32
percent and 56 percent. However, the final items used in the partial least squares (PLS)
analysis are manifestations of the principal components themselves (i.e. reflective
indicators). As such they do not illuminate the content of knowledge assets that
contributes to each component. For example, items measuring the effectiveness of
human capital such as “bright employees” or “give their best” do not illuminate the
knowledge assets that employees are leveraging in performing their daily tasks.
According to Bontis (1998), formative indicators are better in implying what items are
actually causing or forming the construct. Formative constructs are influenced or
formed by several indicators representing different independent phenomenon (Chin,
1998a). For example the latent variable of socioeconomic status is made of four
indicators:
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(1) education;

(2) occupational prestige;

(3) income; and

(4) neighborhood.

A change in any of the four indicators can influence the socioeconomic status of an
individual; the changes of the indicators are independent of each other since they
represent different facets of the latent variable. Thus, the relationship between
formative variables and their associated indicators is represented with arrows
originating from the indicators and pointing to the variables in contrast to the case of
reflective variables. However, the theory did not support the use of them, which
highlights the inadequacy of current models and at the same time calls for a different
approach.

This study complements the scope of previous research above by focusing on the
operational level using a List of Operational Knowledge Assets (LOKA) developed by
Andreou (2006). LOKA has been developed based on a comprehensive taxonomy of IC
components developed (or intangible value drivers) by Green (2004). The taxonomy
labeled as Framework of Intangible Valuation Areas (FIVA) proposes seven intangible
value drivers that enable business strategy. The drivers include employees, customers,
competitors, partners, information, technology, processes and product/services. Zack
(1999, p. 126) states that: “Intuitively it makes sense that the firm that knows more
about its customers, products, technologies, markets and their linkages should perform
better”. In identifying the knowledge behind these intangible value drivers, an 8 £ 8
matrix (Table I) was created depicting performance focus areas from the interaction of
the drivers.

Examples of value driver interactions include employee-customer,
employee-competitors, and process-technology among others. These interactions are
consistent with the value network concept (Allee, 2000) which supports that an
enterprise generates value through the knowledge exchanged by its constituents (e.g.,
customers, suppliers, strategic partners). LOKA in Figure 1 represents a set of
performance focus areas and related operational knowledge assets (or critical success
factors) that individual workers can leverage to facilitate organizational performance.
That is the scope of LOKA is the first row of Table I; that is, the value generated by the
knowledge employees’ leverage from their interactions with the other value drivers.

Employee Customer Competitor Partners Information Technology Process
Product/
service

Employee PFA1 PFA2 PFA3 PFA4 PFA5 PFA6 PFA7 PFA8
Customer PFA9 PFA10 PFA11 PFA12 PFA13 PFA14 PFA15
Competitor PFA16 PFA17 PFA18 PFA19 PFA20 PFA21
Partners PFA22 PFA23 PFA24 PFA25 PFA26
Information PFA27 PFA28 PFA29 PFA30
Technology PFA31 PFA32 PFA33
Process PFA34 PFA35
Product/service PFA36

Table I.
Performance focus area
(PFA) matrix
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Figure 1.
List of operation

knowledge assets (LOKA)
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Performance focus areas represent those operational areas that support the IC
components for sustainable competitive advantage. Leveraging the relevant knowledge
assets under each area is imperative for achieving strategic objectives. Hunt (1999,
p. 144) describes a firm’s strategic imperative as: “sustained, superior financial
performance [. . .] that [. . .] can be achieved through a sustainable competitive advantage
in the marketplace”. Operational knowledge assets represent critical success factors
(CSF) that refer to components, contingencies, critical elements, and core competencies
among others (Rockart, 1982; Antony and Banuelas, 2002; Andal-Ancion et al., 2003;
Hong and Kim, 2002). Rockart’s (1979, p. 85) conceptualization of critical success factors
is used to describe operational knowledge assets: “the limited number of areas in which
results, if they are satisfactory, will ensure successful competitive performance for the
organization”.

For example, the performance focus area resulting from the interaction of employees
and competitors is competitive intelligence. It is conceptualized based on the work of
the Society of Competitive Intelligence Professionals (SCIP) and Erickson and
Rothberg (2000) as knowledge of what one’s competitors are doing by having
information regarding their capabilities, vulnerabilities and intentions. In
operationalizing “competitive intelligence” one could ask: “What do I need to know
about my competitors that add value to my decision-making process and operational
efficiency?”. Figure 1 lists three knowledge asset domains that can be leveraged to
achieve effective competitive intelligence.

Andreou (2006) developed the suggested list of operational knowledge assets
through an exhaustive literature review of many management disciplines:

. decision making;

. strategic and operations management;

. human resources and competency management;

. marketing and customer relationship management;

. information technology; and

. stakeholder theory.

The list was validated and revised by collecting and analyzing data from focus groups
(for a complete review of the literature and focus group analysis applied in developing
LOKA refer to Andreou, 2006). Seven performance focus areas and 31 types of
knowledge assets were identified. LOKA represents a list of knowledge assets that
employees can leverage to carry the value proposition of their organizations and drive
business performance. Therefore, LOKA complements existing IC models that focused
on the inter-relationships between the three primary components (i.e. human capital,
structural capital and customer capital). The seven constructs representing the
different IC and business performance components in Figure 1 (i.e. market capital,
human capital, decision effectiveness, technology capital, process capital, innovation
capital and business performance) were developed using exploratory factor analysis.
Table II lists the 16 items representing the seven constructs comprising IC and
business performance.
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Research design
The scope of the study focused on business services offered by federal high-tech
contractors in the Washington DC metropolitan area. Most of their services are
classified under:

. computer system design;

. research and development in the physical, engineering and life sciences;

. guided missile and vehicle manufacturing;

. aerospace manufacturing;

. engineering services, and

. electronic systems.

Eighty-four high-tech federal contractors from the list of “Top 100 Federal Prime
Contractors” published by Washington Technology (2005) were selected as the target
population. Respondents in the target population were operations managers of
business sectors holding positions such as:

. president;

. vice-president;

. director;

. engineering manager;

. operations manager; and

. analyst.

A survey instrument was developed and administered to collect quantitative data to
evaluate the relationship between operational knowledge assets and business

IC and business performance constructs Items retained

Human capital Employee morale
Professional growth
Retention of key people
Percentage of new ideas from employees
Skills coverage

Process capital Percentage of best practices institutionalized
Communication efficiency
Percentage of key processes using industry best
practices

Market capital Amount of positive buzz media
Brand name recognition

Decision effectiveness Value of business decisions failed
Percentage of business decisions failed

Innovation capital New product/service success rate
Revenue from new product/service

Technology capital Technology fit to mission critical processes
System availability

Table II.
List of items measuring

IC and business
performance constructs
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performance. Survey items were developed for each of the operational knowledge asset
categories. The respondents’ degree of leveraging each knowledge asset was captured
on a six-point Likert scale (i.e. from 0 ¼ non-applicable to 5 ¼ very high). Respondents
also assessed the average three-year performance of their business sectors relative to
the competition on various IC and business performance measures (see Appendix 1). A
five-point Likert scale (i.e. from 1 ¼ significantly lower to 5 ¼ significantly higher)
was used for collecting data on IC and business performance. A copy of the
questionnaire items is attached in Appendix 1.

Surveys were distributed to 500 respondents occupied in the different business
sectors of their respective organizations. The solicitation was done through:

. an e-mail sent by the research project liaison officer of each company introducing
the purpose and application of the research and explaining the organization’s
interest as a research advocate; and

. mailing of letters to management officers identified on their company’s websites.

Respondents interested in participating in the survey were asked to complete a hard
copy of the questionnaire that was attached to both the e-mail message and/or the
cover letter and were requested to return it in a sealed envelope. A total of 139 replies
were received, resulting in a response rate of 27.8 percent. Twelve surveys returned
were not usable because they were partially completed (e.g. a whole section of the
survey was left out) or the analysis of individual scores indicated that the respondent
might have misread, misunderstood, or did not pay attention to the questions asked.
Overall, 127 completed surveys were used for data analysis purposes. The control
variables of business sector, position and annual revenue of business sector were used
to check the sample for any form of response bias according to common practice
(Bontis et al., 2002). Figure 2 shows the comparison between the sample and target
population for the three control variables. The profile of the business sectors and

Figure 2.
Sample and target
population descriptive
statistics
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management positions participated in the survey is representative of the population of
interest. Therefore there was no evidence of systematic response bias in the sample.

PLS was used to analyze the data and develop a structural model that optimizes the
explained variance of business performance through the interrelationships of
operational knowledge assets and IC components. PLS supports variance analysis
(R 2) and prediction. Therefore it is useful for exploratory studies characterized by
relatively weak a priori theory and where the primary focus is theory development.
There are two analysis stages in PLS. First, the measurement model is estimated
showing statistics (i.e. loadings) that assess the validity and reliability of variables and
their respective constructs. Second, the results for the structural model are reported
showing the relationships (i.e. path coefficients) between the constructs and the
explained variance. Another advantage of PLS is that it supports model types with
both reflective and formative constructs and with varying levels of complexity (i.e. can
be used with both small and large samples) (Chin, 1998a, b; Gefen et al., 2000; Chin and
Gopal, 1995).

The following rules apply for determining sample size under PLS. The sample
size should equal ten times either the number of indicators of the most complex
formative latent variable or the largest number of independent variables impacting
a dependent variable whichever is greater (Barclay et al., 1995). LOKA has seven
first-order formative variables (i.e. performance focus areas) with the most complex
one (i.e. capitalizing on processes) comprised of six components. The dependent
variable with the largest number of independent variables impacting is business
performance. Six constructs (i.e. market capital, human capital, decision
effectiveness, technology capital, process capital and innovation capital) impact
business performance. According to both rule criteria the required minimum
sample size is estimated to be at least 60, which is less than the actual sample
used (127).

The stability and the predictive power of the models analyzed with PLS are
assessed by looking at the significance and confidence intervals of the PLS parameter
estimates. The parameter estimates include:

. the loadings (l) or weights (p or g) of the measures to their specified constructs;

. the standardized path coefficients (b) between the constructs.

The bootstrapping procedure offered by the PLS-Graph application was used. The
number of sample iterations was set to 200. According to Chin (2001) sample iterations
of 200 tend to provide good standard error estimates.

Results
Structural models 1-7 in Figure 3 were used to guide the model generation exercise.
Structural models 1-6 show the contribution of the operational knowledge assets under
each performance focus area (i.e. LOKA) to their respective IC construct. The IC
components shown in Table II were developed to represent each of the performance
focus areas. For example, the performance focus area of “leveraging technology” has
an impact on the “technology capital” of an organization. Technology capital measured
by variables such as “technology fit to mission critical processes” and “low cost of
technology deployment” among others. Model 7 investigates the impact of the IC
constructs on business performance.
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Figure 3.
Relationship between
operational knowledge
assets, IC and business
performance constructs
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Assessment of each structural model is based on the significance of the path coefficient
and the value of explained variance (R 2). The discussion that follows focuses on
analyzing each model with the objective of exploring alternative structures that are
conceptually sound and satisfy statistical rigor.

There are three significant path coefficients in model 7, suggesting that competitive
advantage (as reflected by market capital), innovation effectiveness, and effective
decision-making are major catalysts for business performance. However, previous
studies discussed above focusing on the relationships of the primary IC components
indicated that long-term competitive advantage or sustainability of business
performance is dependent upon operational constructs such as “human capital”,
“process capital” and “technology capital”. For example, Chen et al.’s (2004) empirical
model illustrates that innovation capital is sustained by human and structural capital.
Similarly, Bontis (1998) explains the absence of a statistically strong relationship
between human capital and business performance on the mediating effects of
structural capital. Therefore model 7 was revised to develop a parsimonious,
conceptually sound model with significant path coefficients that supports the intuitive
logic depicting the interrelationships between IC constructs and business performance.
Figure 4 shows the revised model with the highest explained variance (R 2 ¼ 38:9
percent) and with all path coefficients statistically significant. In addition the
measurement strength of the model was established through validity and reliability
estimates. All item loadings were strong, with their values greater than the minimum
recommended of 0.7 (Gefen et al., 2000) and were significant with p-values less than
0.001. In addition, all items loaded higher on the constructs they measure than on any
other construct, thus satisfying discriminant validity. Discriminant validity was also
examined through average variance extracted (AVE). AVE measures the amount of
variance explained for a given construct by its indicators (Chin, 1998b). AVE for each
construct was higher than the minimum required of 0.5. For discriminant validity the
square root of AVE for each construct should be greater than the correlations between
each construct. Reliability was also established through calculation of internal
consistency (rc). All constructs had internal consistency higher than the minimum
required of 0.7 (Gefen et al., 2000). Tables III and IV show the validity and reliability
statistics.

The dynamics of the constructs as presented in Figure 3 are conceptually rational
and make intuitive sense. That is, market capital, innovation capability, and decision
effectiveness drive the long term performance of an organization. However, these
assets need to be continually nurtured and reinforced to be sustained; otherwise they
run the risk of eroding. Operational assets such as processes, technology and people
can mitigate that risk. For example, bright, skillful, committed people, leveraging the
right technologies and processes (i.e. communication, practices, and methodologies)
can make the right decisions and create innovative products/services that satisfy the
requirements of their customers and create value for their organization. The interaction
of people, technology and processes can also create a competitive advantage for the
organization as reflected in its brand image in the market place. The strength of the
structural model analyzed above was also reinforced by calculating the predictive
relevance (Q 2) for the “business performance” construct. Q 2 measures the ability to
recalculate observed variables from the model’s parameters (Chin, 1998b). If Q 2 . 0
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Figure 4.
Relationship between IC
and business performance
components
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the model has predictive relevance and vice versa (Chin, 1998b); the Q 2 statistic for the
“business performance” construct was 0.14.

Having established a valid and reliable model of IC components in explaining
business performance, the next question is: “what are the operational critical success
factors or knowledge assets that drive these IC components?”.

The insignificant path coefficients between some performance focus areas and IC
constructs in models 1-6 (see Appendix 2) suggested the exploration of some other
relationships. Therefore, each performance focus area was linked to each of the IC
constructs. The relationships with the highest path coefficients that were statistically
significant and also satisfied conceptual reasoning were chosen. These relationships
show the performance focus areas and their related knowledge assets that drive their
respective IC components. These relationships were added to the model as shown in
Figure 4. Figure 5 represents an extended model showing these relationships.

The business rationale of Figure 5 is explained as follows: the quality of an
organization’s human capital (i.e. workforce) is determined and enabled by:

. the social environment;

. competent colleagues; and

. competitive intelligence.

Human capital, in turn, supported by effective processes, structures, and technology
can make effective decisions and drive innovation. Effective processes result from
leveraging enterprise intelligence factors (e.g. unwritten requirements and
expectations, required capabilities, policy requirements, stakeholders’ vision and
direction, resources used by stakeholders, stakeholders’ experience, etc.) and process

1 2 3 4 5 6 7

Human capital 0.80
Business performance 0.34 0.77
Process capital 0.61 0.31 0.85
Market capital 0.14 0.29 0.16 0.91
Decision effectiveness 0.10 0.07 0.17 20.13 0.88
Innovation capital 0.33 0.34 0.26 0.14 0.02 0.89
Technology capital 0.54 0.34 0.47 0.19 0.03 0.30 0.85

Note: Diagonal elements are the square roots of the average variance extracted (AVE)
Table III.

Correlation matrix

Construct AVE Internal consistency (rc)

Human capital 0.64 0.90
Business performance 0.59 0.90
Process capital 0.73 0.89
Market capital 0.83 0.91
Decision effectiveness 0.77 0.87
Innovation capital 0.80 0.89
Technology capital 0.72 0.83

Table IV.
Reliability estimates
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Figure 5.
Extended model
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factors (e.g. structure, culture, leadership, training, measurements and incentives, etc).
Technology capital is driven by leveraging the appropriate technology functions such
as information management and access, process management (e.g. workflow, planning,
analysis, etc.), knowledge workplace (e.g. collaboration, communication, expertise
location) and enterprise integration (i.e. system and information integration).
Innovation capital is also driven by leveraging customers’ knowledge, such as their
strategies, directions, the business and regulatory environment they operate in, among
others. Overall, leveraging the respective knowledge assets under each category (i.e.
performance focus area) drives the IC components at the operational level. In turn the
operational IC components drive the longer-term intangibles of market capital,
innovation capital and decision effectiveness. Market capital, innovative capabilities
and effective decisions explain almost 40 percent of the variance in business
performance.

It is noted that in the extended model the path between technology capital and
process capital is not significant compared to the model in Figure 4, and therefore it is
removed. A possible reason for becoming insignificant is that the antecedents
representing knowledge assets behind each capital construct provide a better
explanation of variance. Looking at the survey instrument thematic descriptors of
organizational structure include infrastructure. This could be taken by the respondents
to mean technology and systems. So there might be an overlap between the construct
of “technology capital” and “organizational structure” which explains why the path
from “technology capital” to “process capital” has become insignificant.

Appendix 2 shows the loadings and weightings for the reflective and formative
measures respectively in the extended model. All reflective indicators were significant
at the 0.001 level, with their associated constructs having high internal consistency and
AVE estimates.

By definition formative measures are independent from each other and are expected
to have low inter-correlations. Therefore standard measures of internal consistency
and reliability used for reflective constructs do not apply for formative constructs.
Instead their validity is determined by:

. relative magnitude of their weight and its statistical significance; and

. their ability in explaining other constructs (Chin and Gopal, 1995).

For the purposes of this study they are assessed through their ability to explain the
variance of IC components.

Following Diamantopoulos and Winklhofer’s (2001) recommendation, the variance
inflation factor (VIF) for each formative variable was estimated in assessing
multicollinearity. VIF values below 10 are considered acceptable in determining low
multicollinearity. The VIF for all variables was below 10, ranging from 1.72 to 5.29.

Table V shows the relevant operational knowledge assets as determined by the
significance of their weight values. Identification of knowledge assets from all
categories shows the validity of the constructs formed in representing the performance
focus areas.

The (significant) formative measures identified above constitute a list of knowledge
assets that are context specific. The overall validity of all the formative measures has
to be determined by examining their contribution in a more general context (Mathieson
et al., 2001). Therefore all the formative measures were formed into a construct
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representing the set of resources or knowledge assets which is linked to a general
construct. The general construct represents the overall perception as to whether the
organization is leveraging the necessary resources to create value. The construct is
labeled “resource leverage” Section 3 of the questionnaire had five questions that
collected relevant data. Table VI shows the item questions along with their validity
and reliability estimates in forming the “resource leverage construct”. To check the
reliability of the construct, the statistics of item to total correlation were estimated. The
fifth question, “Our leverage of the resources that facilitate performance for the
business sector is limited”, had low item to total correlation (0.25) and therefore was
removed from the construct to improve reliability. Cronbach’s alpha was 0.86 after
removing the weak item.

Figure 6 shows the relationship between the resource construct and the construct of
overall leverage perception. It represents a redundancy model (Mathieson et al., 2001).
According to Mathieson et al. (2001), a beta coefficient between the formative and
reflective construct of 0.8 and above is considered a strong indicator as to the validity
of the set of formative measures. Therefore the construct labeled “knowledge assets” is

Performance focus area Knowledge assets Weight

Enterprise intelligence Enterprise experience 0.52 * *

Capitalizing on processes Training on process management 0.42 * *

Measurements and incentives 0.37 * *

Leadership support 0.29 *

Leveraging technology Enterprise integration functions 0.56 * *

Information management and access functions 0.49 * *

Social intelligence Receiving work information 0.40 *

Leveraging competencies Cognitive skills 0.53 *

Content knowledge 0.46 *

Motives 20.38 *

Competitive intelligence Competitors’ government requirements 20.89 * * *

Competitors’ resources used 0.69 *

Competitors’ marketing strategies 20.62 *

Customer intimacy Customers’ government requirements 0.45 * *

Notes: * * *p , 0:001; * *p , 0:01; *p , 0.05 (two-tailed)

Table V.
Knowledge assets
leveraged by the sample
population

Items (rc ¼ 0:91; AVE ¼ 0:71) Loadings Weights
Significance level

( p value)

There is a coherent understanding of the key factors
that drive performance in our business sector 0.88 0.31 * * *

We have a good knowledge of the key causes that
link work activities to results in our business sector 0.85 0.29 * * *

In our business sector we have access to the
resources that drive performance 0.78 0.28 * * *

In our business sector we know what levers to pull in
order to achieve desired performance 0.85 0.30 * * *

Note: * * *p , 0:001 (one-tailed)

Table VI.
Item statistics for
measuring resource
leverage
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considered complete to represent the pool of resources or knowledge assets leveraged
by the organizations. In addition, the set of knowledge assets explains 63.3 percent of
the variance of the resource leverage perception. Two formative items representing
technology had significant weights with p # 0:05:

(1) process knowledge functions; and

(2) intellectual capital management functions.

These two items were not significant within the nomological context of the extended
model in Figure 5. This shows the importance of context in assessing the contribution
of formative measures. According to Mathieson et al. (2001), the inclusion of
non-significant formative measures does not affect the validity of the model’s
parameters, especially in the absence of multicollinearity. Therefore, non-significant
formative items can be retained in the model. In addition, the estimates here are subject
to one limitation. According to the sample requirements of PLS a sample size of 400 is
required (i.e. ten times the number of items of the exogenous construct). Therefore, the
parameter estimates should be interpreted with caution. Future research could focus on
collecting more data to reassess the validity of the items and parameter estimates. In
addition, in future research it might be better if a general construct is formulated for
each asset category. For example, a construct measuring the overall perception of
leveraging process factors can be different from a general construct measuring the
perception of leveraging technology factors.

In summary, results support the contribution of knowledge assets as antecedents to
explaining models of IC components and business performance.

Discussion
One of the primary applications of the extended model is on making resource allocation
decisions. Executives and chief financial officers in particular are constantly
challenged with making the optimum investment decisions given their budget
constraints. For example, imagine a CFO having ten million dollars to invest this year
in different programs that claim to improve the organization’s performance. In the
context of the organizations surveyed, the three primary areas of knowledge assets
that resources could be invested using as a criterion their weight values in absolute
terms are:

(1) intelligence on competitor’s government requirements;

(2) intelligence on competitors’ resources used; and

(3) intelligence on competitors’ marketing strategies.

These results are perfectly reasonable given the nature of the sample studied (high-tech
federal contractors). All respondents compete for one primary client, which is the US
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Government, and possibly for the same product or service. It would be critical for each
of them to have intelligence on each other’s resources and relationships with the
Government.

Alternatively one could prioritize the knowledge assets to invest in by focusing on
the strongest areas of the organization (i.e. looking at the positive weight values). In
this case the three areas with the highest positive weight values are:

(1) competitors’ resources used;

(2) enterprise integration functions; and

(3) cognitive skills.

These three knowledge asset categories suggest investment in the following three
functional areas of the organization:

(1) marketing department;

(2) technology department; and

(3) human resource department.

First, the marketing department can invest money on systems and programs that will
collect better competitive intelligence which is necessary for adapting proactively to a
turbulent, complex environment (Heinrichs and Lim, 2003). In addition, better
competitive intelligence gives the organization a niche in responding to potential
disastrous threats or opportunities (Dishman and Pearson, 2003). Second, technology
managers can focus their investments in systems that facilitate system and business
integration. Enterprise integration is another key driver for developing complex
adaptive organizational systems. Its value proposition is that it provides agility and
adaptability in responding to change (e.g. customer needs, competition, market
condition, etc.) by integrating systems, applications and processes among business
partners. As the number of business partners required in competing successfully in a
global, flat world, is increasing, investment in systems that support the enterprise of
the future is critical. Last, human resource management people could make
investments on programs (e.g. recruiting and training) that develop the cognitive skills
of their workforce. Cognitive skills include both analytical and conceptual thinking.
Both are a must for professionals providing consulting and product solutions in the
high-tech sector. Overall the model is very useful in that it can be applied in identifying
and monitoring investments in each of the performance focus areas identified and
helps organizations to align operational knowledge assets with strategic objectives.

Another practical application of the model is on evaluating merger and acquisition
decisions. In evaluating target companies the model can be used to identify the core
capabilities or competency areas that the target company is leveraging and assess their
impact or integration potential for the acquiring company. For example, a company
strong in leveraging process factors (e.g. structures, leadership and space) might be
considering acquiring a company that is strong in leveraging technology and personal
competencies. The model could be used to simulate the integration of process and
human capital factors and their impact on performance.

A third application offered by the results is on identifying cross-leverage
opportunities within the organization. The internal periodic measurements of the
assets that drive performance could break organizational silos and enable
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cross-functional leverage of knowledge assets. For example, Maccoby (1999) offers a
list of qualities that cross-functional team members should have. The list consists of
vision awareness, expertise and peer recognition, situational awareness,
decision-making boundaries, team skills and collaboration, and the right character
traits. These qualities are found in the descriptors of the knowledge assets (i.e. LOKA).
For example, one could use the list of operational knowledge assets to create an
“architectural blueprint” (Mayo, 2001, p. 198) for each employee that shows their
knowledge and capabilities beyond their functional roles.

The results are also useful for IC and KM theory development. Bontis (1999, 2001)
criticizes the academic field by stating that the measures defining IC and KM are
scattered and lack consistency in their form and scope. In addition, he suggests that a
common set of definitions through empirical research would help the field to integrate
its concepts and principles. Green’s (2004) FIVA was a significant step in providing a
common taxonomy of intangibles. This study has adopted empirical research through
both qualitative and quantitative methods to investigate the assets emerging from the
intangible value drivers. The list of seven performance focus areas and 31 knowledge
asset categories offers a terminology baseline at the operational level. This baseline has
been articulated by the bottom up through the operations people who are dealing with
the day-to-day management activities of the organizations. This is a major contribution
of the study since research in the field has been driven primarily at the macroeconomic
level with emphasis on market valuation and measurement (Powell, 2002). Although at
the macro level the concepts and frameworks might differ depending on which
discipline one is coming from, (e.g. accounting, finance, marketing, technology,
economics, human resource management, education and learning, engineering, etc.),
(Marr and Chatzkel, 2004) the assets at the operational and tactical level are more
homogeneous in their nature and form. Therefore, the list of operational knowledge
assets developed in this study aims at improving the communication about intangibles
at the operational level.

There are also some important methodological contributions from this study; that
is, the adoption of both qualitative and quantitative research. Qualitative research
through focus groups contributed to confirming the theory-based LOKA and the
development of the questionnaire items. Quantitative research through exploratory
factor analysis contributed to validating the constructs of IC and business
performance. In addition quantitative analysis through partial least squares
provided a significant statistical measurement and structural model depicting the
impact of operational knowledge assets on IC and business performance measures. The
role of theory in designing good causality studies is important. Theory contributes to
the formulation of the causal model. Model generation involves an iterative process
between exploration and confirmation; many models can support the same theory.
Therefore, using structural modeling with qualitative data in interpreting causal
assertions or models is both a science and an art (Pedhazur, 1997; Gefen et al., 2000).
Qualitative research through focus groups is an effective method in investigating and
understanding complex phenomena and concepts (Morgan, 1997). The five empirical
studies reviewed above did not apply any form of qualitative research. Therefore, this
study is pushing the research methods in the field one step further. According to Marr
and Chatzkel (2004), the field needs to move forward by adopting more rigorous
empirical research methods applied in theory testing. Such methods include
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quantitative longitudinal studies with large sample sizes applied in specific contexts
(i.e. case studies), (Marr and Chatzkel, 2004).

In addition, the study has adopted the use of formative indicators in specifying
constructs. As indicated before, predictive models used so far have focused on the use
of proxy measures through reflective indicators. Therefore their emphasis was on scale
development versus index development. “Index” is used in the sense of developing a
list of items that forms causal relationships. The use of formative items fills the
business need to understand better the causal relationships that exist between work
and knowledge assets (Stewart, 2001a). The contribution of each formative construct
identified in this study in explaining the variance of its related IC components is critical
in moving the field forward. It is understood that at the strategic level where
measurement and valuation being the primary focus proxy measures are more
appropriate. However, the findings of this study support a theory of using causal items
in explaining phenomena in the IC literature, especially at the operational and tactical
level. Therefore the use of formative measures in this study complements the
observation made by Bontis (1998) that one has to look at theory to decide the direction
of measures. Theory at the operational and tactical level supports the use of formative
measures in understanding cause and effect relationships between operational assets
and IC proxy measures.

Last, the use of PLS in the KM and IC field is still relatively new. The complex
nature of the field makes it a suitable candidate for the application of PLS. PLS is a
powerful methodology for exploratory studies and for analyzing complex theory and
related models (Gefen et al., 2000). Application of PLS with consistent results among
different studies in the field will help the shift towards more rigorous methodologies
such as confirmatory research. Such a shift would enable researchers in the field to
understand and communicate in a uniform and consistent manner the theory and
concepts behind the field of KM and IC.

Furthermore, the study is subject to an important constraint. The business
performance measures used (e.g. ROA, profit growth, return on sales, etc.) are based on
current accounting practices that do not account for the effect of intangibles. The
predictive strength of the model would be better assessed if business performance was
measured taking into effect the value of intangibles. For example it would be
interesting to test the model on Baruch’s list of “smart” companies (Stewart, 2001b)
using their intangible valuation as a basis of business performance. Another limitation
of the study is the risk of common method bias. The most relevant sources of common
method bias to this study are: common rater bias and common scale format. The best
method to address common rater bias is to use different respondents for the dependent
and independent variables. However, the risk of compromising respondent anonymity
and the unavailability of alternative sources of data prevent us from applying an
effective measure against common rater bias. Common scale bias was addressed by
using different Likert scale anchors for the dependent and independent variables (i.e.
operational knowledge assets and IC components and business performance variables,
respectively). In addition the use of quasi-objective measures to complement subjective
measures controlled for any common method bias. The strong correlation between
subjective and quasi-objective measures of business performance give confidence to
the absence of any significant common method bias.
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Conclusion
According to Drucker (1999), the principles of Taylor (1856-1915), the father of
scientific management, are found in every management discipline and method,
whether called “task analysis”, “total-quality management”, or “industrial
engineering”. As discussed above, Taylor’s study of manual work was more about
knowledge than skill, specifically the knowledge of methods, processes and way things
get done. Therefore, the critical challenge of the twenty-first century is how to make the
knowledge worker more productive. The answer lies in understanding the knowledge
methods – that is, to move from the epistemological definitions and discussion of
knowledge and study more thoroughly the methods employed by knowledge workers
in performing their tasks. Bontis (1998, p. 72) offers a warning to those who make the
task of IC valuation the primary premise for the value proposition of the field by
stating: “A formula (for intellectual capital) may never exist [. . .] examining the
processes underlying intellectual capital development may be of more importance than
ever finding out what it is all worth”. In building models that try to depict relationships
between IC and business performance one gains a better understanding of the nature
and dynamics of the IC components themselves. For example, one would expect that
achieving business performance would also drive human capital. That is, achieving
desired results would increase the commitment and morale of the workforce. For
example Bontis and Fitz-enz (2002) have found a negative feedback loop between
business performance and employee turnover. Improvement in human capital (HC)
effectiveness would generate another operating cycle among IC components in driving
business performance. Therefore, it makes intuitive sense to expect a feedback loop
from business performance back to human capital. This feedback loop represents the
endogenous or organic value of the IC field. As Bontis (1998, p. 72) states, this notion “is
similar to the idea of deutero learning”, that is, understanding the process itself or
“learning how to learn”.

Stewart (2001a, p. 194) stated: “. . . there’s increasing evidence that the faithful
servant isn’t just misplacing a spoon here or there but has lost track of some valuable
jewels, paid no attention to the furnace and the water heater, and put the place at risk”.
Therefore what we need to understand is the way of doing business that is dependent
on knowledge assets. LOKA and the model presented in this study provide an initial
step towards understanding the methods of leveraging knowledge and a step towards
better measurement and even disclosure (Bontis, 2003). Surprisingly enough these
methods are dependent on the traditional elements of processes, structure, culture,
strategy, leadership, measurement and incentives, business intelligence, and customer
relationships, among others. The difference is that we need to understand in this new
era is the new ways these elements interact within and between organizations. Overall,
the results of this study offer a first attempt in providing a common ground for
understanding the levers behind IC drivers.
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Appendix 2

Variables Loadings Weights
Significance level

( p value)

Human capital indicators and antecedents
Human capital indicators (reflective measures): rc ¼ 0:90; AVE ¼ 0:83
Employee morale 0.87 0.27 * * *

Professional growth 0.84 0.28 * * *

Retention of key people 0.77 0.24 * * *

Percentage of new ideas from employees 0.77 0.23 * * *

Skills coverage 0.75 0.24 * * *

Human capital antecedents (formative measures)
Social intelligence
Building strong relational bonds 0.75 0.21 NS
Receiving direction 0.78 0.18 NS
Receiving stimulation 0.86 0.35 NS
Receiving work information 0.86 0.40 *

Receiving staffing information 0.67 0.08 NS
Leveraging competencies
Motives 20.35 20.38 *

Personality characteristics 0.27 0.16 NS
Cognitive skills 0.84 0.53 *

Content knowledge 0.87 0.46 *

Context knowledge 0.61 20.03 NS
Competitive intelligence
Competitors community feedback 0.46 0.49 NS
Competitors government requirements 20.24 20.89 * * *

Competitors strategic direction 0.10 20.03 n/s
Competitors marketing strategies 0.06 20.62 *

Competitors resources used 0.45 0.69 *

Competitors experiences 0.56 0.52 NS

Process capital indicators and antecedents
Process capital indicators (reflective measures): rc ¼ 0:89; AVE ¼ 0:74
Percentage of best practices institutionalized 0.89 0.41 * * *

Communication efficiency 0.89 0.41 * * *

Percentage of key processes using industry best practices 0.78 0.36 * * *

Process capital antecedents (formative measures)
Enterprise intelligence
Enterprise community feedback 0.68 0.33 NS
Enterprise government requirements 0.02 20.19 NS
Enterprise strategic direction 0.54 0.09 NS
Enterprise marketing strategies 0.58 0.13 NS
Enterprise critical resources used 0.75 0.28 NS
Enterprise experience 0.87 0.52 * *

Process factors
Organizational structure 0.75 0.28 NS
Organizational culture 0.52 20.20 NS
Measurements and incentives 0.83 0.37 * *

Training on process management 0.86 0.42 * *

Leadership support 0.84 0.29 *

Space design 0.28 20.10 NS

(continued )
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Variables Loadings Weights
Significance level

( p value)

Technology capital indicators and antecedents
Technology capital indicators (reflective measures): rc ¼ 0:84; AVE ¼ 0:72
Technology fit to mission critical processes 0.90 0.69 * * *

System availability 0.78 0.47 * * *

Technology capital antecedents (formative measures)
Information management and access functions 0.82 0.49 * *

Process knowledge functions 0.61 20.27 NS
Knowledge workplace functions 0.72 0.11 NS
Enterprise integration functions 0.87 0.56 * *

Intellectual capital management functions 0.74 0.25 NS

Innovation capital indicators and antecedents
Innovation capital indicators: rc ¼ 0:89; AVE ¼ 0:81
New product/service success rate 0.91 0.58 * * *

Revenue from new product/service 0.88 0.53 * * *

Innovation capital antecedents (formative measures) – customer intimacy
Interpersonal knowledge 0.65 0.29 NS
Customer community feedback/intelligence 0.65 0.32 NS
Customer political intelligence 0.58 0.45 * *

Customer strategic direction 0.59 0.16 NS
Customer marketing strategies 0.50 0.17 NS
Customer resources used 0.43 20.16 NS
Customer experience 0.68 0.35 NS
Decision effectiveness indicators: rc ¼ 0:87; AVE ¼ 0:77
Value of business decisions failed 0.81 0.40 * * *

Percentage of business decisions failed 0.94 0.71 * * *

Market capital indicators: rc ¼ 0:91; AVE ¼ 0:83
Amount of positive buzz media 0.93 0.59 * * *

Brand name recognition 0.89 0.49 * * *

Business performance indicators: rc ¼ 0:90; AVE ¼ 0:59
Profit growth 0.83 0.22 * * *

Return on sales 0.81 0.22 * * *

Return on assets 0.80 0.23 * * *

Revenue growth 0.80 0.23 * * *

Rate of increase in market share 0.68 0.19 * * *

Profitability per customer 0.70 0.22 * * *

Notes: p-values are two-tailed for formative weights and one-tailed for loadings of reflective
measures; * * *p , 0:001; * *p , 0:01; *p , 0:05; NS, not significantTable AI.
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