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Abstract: This research is focused on knowledge-based performance drivers, which are often inter-
twined with intellectual capital (IC); specifically, the value-added intellectual coefficient (VAIC) and
its profound influence on labor productivity (LP), with the pivotal inputs of training and research
and development (R&D) as moderating, in the realm of small- and medium-sized (engineering) enter-
prises (SMEs). The aim is to offer this as a sustainable model for practical implementation to empower
engineering managers, donors, and policy researchers. The motivation catalyzes more informed
decision-making investing in human or structural capital. It attempts to foster sustainable growth
and societal stability through job creation within the knowledge-intensive engineering sector of devel-
oping countries. Methodologically, the research draws upon statistical analysis, employing Pearson’s
correlation, multivariate regression, and model testing executed through specialized statistical soft-
ware. The World Bank Enterprise Survey Instrument was used to collect data on 213 aviation-related
firms. Primary data were collected for the years 2013–2022. Several hypotheses were developed
between the variables expected to relate positively, because intellectual capital, training, and research
and development should lead to better labor productivity. The findings revealed the critical issue of
the misallocated investments in structural capital that this model brought forth. Furthermore, the
notable contribution to national intellectual capital (NIC) studies is the significant VAIC value of
4.58 and an impressive labor productivity value of 6.78 within the knowledge-intensive ecosystem of
SMEs. More insightful findings were the modest 17% positive variation attributable to the VAIC on LP,
accompanied by an absence of significant influence exerted by training and R&D on this relationship.
While underscoring the model’s overall validity, this intriguing discovery emphasizes the impact
of intangibles on knowledge firms’ overall sustainability calculations, specifically structural capital,
which accounts for a substantial 31% of labor productivity. The practical implication is that this
model can be used to expose long-term financial performance hiccups through intellectual capital
measures. The novelty is employing the labor productivity metric sourced from the engineering
literature instead of the customary asset productivity (ATO) ratio from the IC literature.

Keywords: national intellectual capital (NIC); firm performance (FP); value-added intellectual
coefficient (VAIC); labor productivity (LP); research and development (R&D); training

1. Introduction

Knowledge-based performance drivers (KBPDs), often referred to as intellectual capi-
tal (IC) [1], encompass specific attributes that contribute to sustained performance and labor
productivity through value-added activities within small- and medium-sized enterprises
(SMEs) in developing countries. The central research posits that knowledge-intensive firms
may struggle to achieve long-term sustainability in developing countries despite invest-
ments in crucial areas, such as human capital, structural capital, research and development
(R&D), and training.
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Low Human Development and Global Innovation Index scores are closely interrelated
in developing countries [2,3]. The consequence is that knowledge-intensive firms in these
nations face a significant challenge: the inability to compete effectively due to the lack of
skill development and knowledge acquisition [4]. This deficiency [5] ultimately results in
reduced performance and productivity, with dire consequences for developing societies.

Small- and medium-sized enterprises (SMEs) are major job creators in the developing
world [6], so research into this category of organization is highly sought after.

Since the motivation is to find solid reasons why knowledge SMEs are underperform-
ing in the developing world despite the hard-earned investments in the critical inputs of
human capital, structural capital, training, and research and development, this research is a
step toward a sustainable society.

Here, it must be mentioned that even developed societies require corporate social
responsibility–knowledge (CK) in their firms to last long term. CK is a flatter structure,
while open communication, relationship capital, and trust within and outside are all
intangibles [7,8]. An example is the consistent CK record of Blackstone Group, which is
what protected the asset giant in crises.

Coming back to the frame of emerging nations, knowledge-based performance drivers,
including research and development (R&D) and training, play pivotal roles in a knowledge-
driven economy [9]. Other critical factors contributing to performance and productivity in
knowledge-intensive settings encompass information and communication technology (ICT),
innovation, networking, education, skill development, absorptive capacity, access to market
information, and technological advancements. These elements constitute subsets of human,
structural, and financial capital. These knowledge-based performance drivers significantly
enhance human capital (HC), structural capital (SC), and employed capital (CE) [10].

Moreover, it is worth noting that HC, SC, and CE represent components of intellectual
capital, which, in turn, serves as a vital element within the value-added intellectual coefficient
(VAIC). Notably, the VAIC serves as a performance efficiency metric [11,12] that effectively
captures the knowledge-based performance drivers prevalent in knowledge-intensive firms.

When we delve deeper into the context, the value-added intellectual coefficient (VAIC),
focusing on knowledge-based performance drivers impacting labor and capital productivity
becomes comparable to labor productivity (LP). This comparison offers insights into the
effectiveness of these drivers in optimizing the overall productivity.

In the context of developing countries, engineering firms represent an ideal microcosm
for the study of knowledge management [13]. These entities serve as fertile grounds for pro-
ductivity and employment. Furthermore, enhancing the performance and productivity in
knowledge-intensive engineering firms necessitates establishing conducive organizational
systems [14] that foster the growth of intellectual capital.

R&D is still valid today in the innovative industry 4.0 [15] and fintech [16] of devel-
oping countries because it sometimes reveals a paradox [17]. Similarly, the validity of the
training variable needs to be scrutinized because it holds interest for engineering managers
who are already on a tight budget.

The significance of this research lies in revealing that incorrect investments in structural
capital, R&D, and training jeopardizes long-term sustainability. The presentation of specific
numerical values for intellectual capital performance and labor productivity within the
knowledge sector is of particular significance and an effort that has yet to be accomplished.
This research addresses the puzzling issue of why critically essential inputs, such as human
capital, structural capital, employed capital, training, and R&D [18], fail to translate into the
sustainability of firms. Without firms performing efficiently and being productive, creating
jobs becomes an insurmountable challenge. The novelty of this research lies in departing
from the usual practice of measuring productivity using asset turnover (ATO), which may
not be the most suitable metric when human elements are involved. Instead, this study
employs the labor productivity metric commonly used in engineering firms.

The research scope aims to augment the existing, albeit limited, body of knowledge in
national intellectual capital (NIC) studies within a developing country’s knowledge-intensive



Sustainability 2024, 16, 424 3 of 23

SME sector of aviation engineering. To clarify further, the primary research domain that
comes to the fore is knowledge productivity, within which knowledge management (KM)
and intellectual capital are integral components. Additionally, this research emphasizes the
investigation of intellectual capital and its impact on firm performance and labor productivity.

Therefore, the primary objective is to identify the precise knowledge attributes that
foster improved firm performance, heightened productivity, and enhanced value addition
within a developing nation such as Pakistan.

The research questions addressed in this research are:

(a) What constitutes the accurate metrics for knowledge-based performance drivers
(KBPDs)? The prevailing challenge resides in the existence of multiple pivotal vari-
ables within knowledge management (KM) and several theoretical models avail-
able for selection, contingent upon the contextual requirements, aimed at achieving
knowledge-based performance and productivity. For instance, critical KM variables,
such as technology, structure, and organizational culture [19], do not necessarily align
directly with performance enhancement for value creation. Furthermore, various
theoretical models [20] regarding knowledge productivity are available in the litera-
ture. Consequently, identifying the precise variables associated with value addition,
performance, productivity, and intellectual capital is paramount for researchers.

(b) How do human capital, structural capital, and employed capital contribute to labor
productivity, particularly in the presence of essential inputs from research and devel-
opment (R&D) and training? While this question has been scrutinized in the context
of small- and medium-sized enterprises (SMEs) within developing countries, and
amid the backdrop of industry 4.0 [21], these evaluations have predominantly em-
anated from the vantage points of the Human Capital Index [22] and the innovation
perspective [23]. However, this inquiry needs to be thoroughly examined from the
lens of intangible and financial productivity and performance.

(c) How does the model governing the inputs of intellectual capital (encompassing
structural capital, human capital, and employed capital) impact labor productivity,
particularly in moderating factors like R&D and training? Given the significance of
this question to engineering managers and capital investors, numerous researchers
have endeavored to simplify firms’ potential utilization of knowledge through their
unique models [24].

The primary contribution of this research lies in its significant advancement of the field
of national intellectual capital (NIC) studies by assigning concrete values to the value-added
intellectual coefficient and labor productivity within the context of critical knowledge-based
SMEs, specifically within the aviation ecosystem. This multifaceted ecosystem encompasses
the aerospace, electronics, electrical fabrication, assembly, R&D, and engineering design
sectors in a developing country. The uniqueness of this research manifests through its
exploration of the previously uncharted territory of comparing the dimensions of labor
productivity with intellectual capital in this manner. Moreover, this research claims a more
extensive sample size, a greater diversity within knowledge-intensive engineering SMEs,
the incorporation of pivotal variables, and cluster representation. These attributes set it
apart from a study coauthored by Dr. Bontis [25], conducted within the pharmaceutical
sector and the single-cluster electric/electronic industry [26]. Typically, labor productivity
(LP) studies have remained confined to the construction sector; however, this research
effectively transcends these boundaries.

The content outline of this study is thoughtfully structured, commencing with an exhaus-
tive literature review that systematically extracts the cornerstone variables and the attributes
related to knowledge productivity from the domains of knowledge management and intel-
lectual capital research. These variables are expected to wield significant influence over both
performance and productivity. Subsequently, a conceptual framework is introduced, high-
lighting a critical gap in the existing body of knowledge concerning intellectual capital and
firm performance. This research proceeds with collecting primary data, meticulously gathered
through a rigorously validated instrument, from an eventual pool of 70 knowledge-intensive
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aviation engineering SMEs. The ensuing data analysis employs robust statistical methods,
including regression, correlation, and descriptive statistics, ultimately revealing significant
findings that contribute to the body of knowledge in this field.

In summary, this research explores knowledge-based performance drivers (KBPDs)
and intellectual capital in SMEs in developing countries, focusing on their impact on sus-
tainability. It is motivated by the challenge of low Human Development and Innovation
indices, hindering competitiveness due to skill and knowledge gaps. Key performance
drivers, including R&D and training, are investigated, with a link between intellectual capi-
tal and the value-added intellectual coefficient (VAIC) being explored. Engineering firms in
developing nations serve as a microcosm for understanding knowledge management. The
study introduces specific numerical values for intellectual capital performance and labor
productivity, addressing a critical gap in knowledge.

2. Theoretical Framework

Value creation represents the ultimate goal for knowledge firms, as articulated by
the public [27]. In the context of knowledge, value is intricately linked to the efficient
utilization of intellectual capital, a concept central to our study. The efficient utilization
of intellectual capital is paramount for enhancing performance and productivity within
knowledge-intensive firms, driving them toward sustained success. Key parameters preva-
lent in the knowledge management and intellectual capital literature need to be defined
to establish a solid foundation for the research and bridge the gap in the existing litera-
ture. These parameters help frame the context in which knowledge management (KM)
is pivotal in organizational knowledge and value-creation processes [28]. Furthermore,
intellectual capital (IC) is a crucial metric for measuring knowledge-based outcomes. The
research delves into the concept of knowledge productivity (KP), which encompasses
identifying, absorbing, and applying knowledge to enhance capabilities and innovate
operational processes, products, and services. This process inherently relies on intellectual
capital, positioning KM and IC as integral components of KP. As posited by Svieby [29],
knowledge management embodies the essence of intellectual capital [1]. While knowledge
studies encompass critical factors like information and communication technology (ICT),
innovation, networking, education, skill development, absorptive capacity, market infor-
mation, quality, and technology, the research focuses on those factors directly contributing
to intellectual capital, performance, and productivity. Just the absorptive capacity of a firm
and its interaction with R&D and innovation [30] has the potential to reveal long-term firm
sustainability. By focusing on critical factors around the knowledge worker, this study
aims to shed light on the intricate relationship between these concepts and their significant
impact on knowledge-intensive firms. This elucidation serves as the foundation for the
subsequent exploration of knowledge-based performance drivers (KBPDs) and their role in
firm sustainability.

2.1. Underlying Theory and Gap

There has always been a debate about introducing “Design theory”, which involves
prescription-driven results, into engineering management, and this research is an effort in
that direction [31].

Figure 1 shows that knowledge performance is part of design-based research (DBR) [32]
and is being used in tandem with the resource-based view (RBV) theory. DBR is “a system-
atic yet flexible methodology that improves practices through analysis, design, develop-
ment, and implementation” [33]. Meanwhile, resource-based view (RBV) is the intangible
nonsubstitutable realm of knowledge performance by labor [34]. (Intangible assets include
human capital, goodwill, brand recognition, IPRs, patents, trademarks, copyrights, and
knowledge gained from systematic R&D, and training. Knowledge itself is an intangible
asset, and so is intellectual capital. On the other hand, tangible assets are land, vehicles,
equipment, and inventory, but not finances. Finances are financial assets). DBR and RBV
have also been used together in research [35].
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Figure 1. Knowledge productivity [36] explains the resource-based view (RBV)’s critical stages and
how enterprise knowledge shapes performance and productivity through knowledge management
and intellectual capital streams.

The concept of Knowledge Productivity [36] is a crucial link to the resource-based view
(RBV) in the context of this research. Knowledge productivity revolves around efficiently
utilizing knowledge and intellectual capital within an organization to enhance its performance
and productivity. Given this, RBV is a well-established theory that focuses on the fact that
competition is a derivate of valuable resources. In essence, this research bridges the gap
between knowledge productivity, as highlighted by Stam 2007, and the resource-based view
theory, offering empirical evidence on how knowledge and intellectual capital can drive
superior firm performance and productivity, aligning with the core principles of RBV.

2.2. Analysis of Relevant Literature

Literature references in Table 1 relate to techniques for measuring IC, and Table 2
relates to previous significant studies on the VAIC, LP, R&D, and training used together.

Table 1. Analysis of the literature involves the description of various intellectual capital measuring
approaches [29,37,38].

IC Measuring Method Analysis and Relevance to the Proposed Research

Market Value to Book Value
Ratio (MV/BV)

Shows how much the firm is valued beyond its financial
strength. Since other external factors influence

intellectual capital, this technique was not chosen.

Balanced Score Card (BSC)

The BSC metric shows the value growth at each firm’s
stage from a financial, customer, and internal process

perspective. Stage-wise results of IC were not required
in the proposed research.

Skandia Navigator

Skandia Navigator measures intellectual capital through
five components: financial, customer, process, renewal,

development, and human. In the developing world,
acquiring accurate data for these components is difficult.

Economic Value Added (EVA)

The EVA is related to budgeting, financial planning, goal
targeting, stock pricing, and incentive compensation, but
does not cater to gains of good project management or

intellectual capital. EVA is primarily a financial
performance measure.
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Table 1. Cont.

IC Measuring Method Analysis and Relevance to the Proposed Research

Direct Intellectual Capital
(DIC) method

The DIC method gives monetary value to intangibles,
but is nonfinancial (contextual) and specific to each

organization, so it cannot work in the proposed research.

Value-Added Intellectual
Coefficient (VAIC)

The VAIC provides a definite value to intellectual capital
efficiency, i.e., the firm performance of each firm, which

other approaches do not [39]. Additionally, labor
productivity gives a definite value productivity

to each firm as well.

Market Capitalization (MC) and
Return on Asset (ROA) methods

MC and ROA are just two metrics available to measure
the firm performance. Since developing countries’

financial markets are unstable and do not reflect the
correct market value of firms, this technique was not

used in the proposed research.

Ahonen, Edvinsson, and Roos [40–42]
have discussed intangibles and firm
performance in highly cited research

This highly cited research aimed not to find a definite
intellectual capital measuring tool, but to contribute to

the existing knowledge of intangibles.

Table 2. Significant studies comparing the VAIC, LP, training, and R&D.

Reference of Significant Studies Relevance to Proposed Research

Knowledge management and growth in
Finnish SMEs [43] measuring intangibles
to understand and improve innovation

management (MERITUM) [44] is similar to
a Malaysian study on SMEs [45]

The proposed study presents actual comparable
numbers on intellectual capital performance and
productivity and uses knowledge management

variables that deal with knowledge productivity,
called knowledge-based performance drivers.

The value-added intellectual coefficient is used to
quantify KBPDs’ performance effects.

N. Bontis, W. C. C. Keow, and S.
Richardson [10] compare intellectual

capital components with firm
performance, mostly financially

The proposed research compares intellectual capital
plus employed capital with productivity.

Annie Brookings, Goran Roos., Thomas Stewart and
Nick Bontis emphasized the human factor in

intellectual capital, so the VAIC was compared to
labor productivity.

Bykova and Molodchik [46] compared the
VAIC with labor productivity, firm size,

sales growth, and profitability
in the Russian industry

Because the proposed research is based on
knowledge-oriented industry data, R&D and training

were added to the investigation.

Barkat and Beh [47] investigated VAIC
attributes and organizational performance
in the textile sector of the same developing

country as the proposed research

The proposed research uses the VAIC for performance
measurement and labor productivity for productivity

values in knowledge-intensive engineering SMEs.

R&D and training have been identified as
critical factors for IC in a landmark study

by Bassi and Buren [48]. Furthermore,
several studies on SMEs [49–51] found

that R&D spending negatively correlates
with innovation and value addition

in the developing world

The proposed research investigates the R&D spending
paradox and training in knowledge-intensive

engineering SMEs because these factors
cannot be ignored.

Studies on the performance and
productivity of knowledge-intensive firms
in a developing country like Pakistan have

been limited to the pharmaceutical [28],
electronics [26], textile [47], and

banking [52] fields.

The proposed research is more of a population cluster
representative, i.e., it has data from more

knowledge-intensive engineering firms from diverse
geographical areas, is more rigorous, as it includes

findings on training and R&D, and provides practical
articulation to theoretical concepts on firm

performance in developing countries at the national
intellectual capital (NIC) level.
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2.3. Studies on VAIC, LP, R&D, and Training

The information in Table 2 explains significant studies on the VAIC, LP, R&D, and
training, the primary focus of the framework under research.

2.4. The Relationship between the VAIC with Labor Productivity, R&D, and Training

Now that the specific area of the proposed research has been identified as intellectual
capital, VAIC, LP, training, and R&D, further motivation to use these variables must
be discussed.

The value-added intellectual coefficient is a firm performance measuring tool previ-
ously used in the service sector [53]. However, due to its intellectual capital component, it
is also being used in technical engineering firms [54].

Then, the VAIC not only captures the performance of a knowledge-intensive firm, but
it also has labor as a major component [55], as indicated in Pulic’s definition of the VAIC:

“Defined simply as value added divided by Intellectual Capital. Value Added is
the difference between sales and all inputs, except labor expenses.” [48]

Alternatively, labor productivity is the ratio of the total output (goods or services) to the
number of person-hours that produce the output. No significant study compared the VAIC
with labor productivity, because one definition of LP is limited to the construction literature
stream [56]. Various researchers [57] in the knowledge-intensive firms’ performance field
have recently compared labor productivity with intellectual capital and coined it as value-
added productivity [58], but not necessarily in the engineering sectors.

Moving ahead, human capital, structural capital, and new technologies that are critical
factors in IC and VAIC, are also part of the numerators and denominators in the labor
productivity formula, so investigating this relationship makes sense.

Now, coming to the VAIC’s benefits:

a. The VAIC uses audited secondary data, most of which are publicly available and
authentic.

b. It measures knowledge-based performance drivers, which are synonymous with the
intellectual capital efficiency (ICE).

c. It measures the firm performance and gives a finite value to be compared inter-
and intrapopulation.

d. The VAIC defines R&D and training as fundamental performance drivers.
e. The VAIC measures the efficiency of intellectual and financial capital, which is a bonus.

Structural capital, on the other hand, is the supportive infrastructure for human
capital [59]. Correlation and regression results on the human (or labor) critical attributes of
IC will help further firm performance studies.

Lastly, although R&D and training, a well-researched area of intellectual capital [48],
can be covered under human capital (HC), this model’s explanatory power increases when
R&D funding and training are kept as moderating variables.

In conclusion, the selection of variables, such as intellectual capital, the VAIC, labor
productivity, training, and R&D, is underpinned by their significance in evaluating the
performance and productivity of knowledge-intensive firms. The VAIC’s adaptability
from the service to technical engineering sectors, its alignment with labor components,
and its capacity to measure knowledge-based performance drivers make it a compelling
choice. Furthermore, the inclusion of human capital, structural capital, and technological
factors within labor productivity analysis strengthens the research’s foundation. Lastly,
recognizing the role of R&D and training as moderating variables enhances the model’s
explanatory power.

Figure 2 explains and summarizes the theoretical framework:
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2.5. Research Gap

As indicated in Pulic’s definition of the VAIC, the research gap in this field is that
the labor dimension of intellectual capital performance studies has not been researched
extensively, especially on the national intellectual capital (NIC) level. Furthermore, the
research could improve the IC framework by combining capital information with R&D
and performance metrics for various industries and countries. Also, alternative research
methodologies may be considered, like surveys or case studies on the organizational and
contextual specific variables influencing the relationship between IC and efficiency, financial
performance, and nonfinancial performance [60].

The most important thing is what needs to be investigated or what motivates firms to
want to measure their intellectual capital. Secondly, does the company management believe
the labor and capital markets will respond favorably to better reports on firm IC? Lastly, is
better reporting on IC likely to favorably impact productivity and improve efficiency [61]?

Then, a review of 3500 high-quality journal papers [62] concluded that national intel-
lectual capital studies (NIC) is a research gap, highlighting that:
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(a) Rembe and Israel initially performed NIC in Sweden in 1999. Later on, IC assessments
were followed in Denmark and Norway by Malhotra in 2003. In 2004, Bontis modified
the components of IC from an organizational level to a national level (NIC).

(b) Fifty-one per cent of the studies readopted the concepts of other authors; twenty-
eight per cent developed a new concept, and twenty-one per cent did not refer
to any mentioned multiple concepts. The concept of IC is chiefly adopted at the
organizational level, followed by the regional and national levels.

(c) A total of 13.5% of all studies used the VAIC.
(d) A total of 11 of a group of 777 studies involved the NIC.

OECD (2011, 2013, and 2016) studies highlight that investment in intangible assets
has contributed to the increase in labor productivity in developed economies, such as the
United States (USA), Japan, and the European Union (EU). Furthermore, the World Bank
estimates that most of these nations derive most of their wealth from intellectual capital.
The proposed research might reveal some valuable and unexpected insights into intangibles
and financial assets in the context of a developing country.

Therefore, this link between labor productivity and intellectual capital has to be
investigated at the NIC level, especially in developing societies.

3. Methodology

Figure 3 provides the conceptual framework:

Sustainability 2024, 15, x FOR PEER REVIEW 10 of 25 
 

Then, a review of 3500 high-quality journal papers [62] concluded that national intel-
lectual capital studies (NIC) is a research gap, highlighting that: 
(a) Rembe and Israel initially performed NIC in Sweden in 1999. Later on, IC assess-

ments were followed in Denmark and Norway by Malhotra in 2003. In 2004, Bontis 
modified the components of IC from an organizational level to a national level (NIC). 

(b) Fifty-one per cent of the studies readopted the concepts of other authors; twenty-
eight per cent developed a new concept, and twenty-one per cent did not refer to any 
mentioned multiple concepts. The concept of IC is chiefly adopted at the organiza-
tional level, followed by the regional and national levels. 

(c) A total of 13.5% of all studies used the VAIC. 
(d) A total of 11 of a group of 777 studies involved the NIC. 

OECD (2011, 2013, and 2016) studies highlight that investment in intangible assets 
has contributed to the increase in labor productivity in developed economies, such as the 
United States (USA), Japan, and the European Union (EU). Furthermore, the World Bank 
estimates that most of these nations derive most of their wealth from intellectual capital. 
The proposed research might reveal some valuable and unexpected insights into intangi-
bles and financial assets in the context of a developing country. 

Therefore, this link between labor productivity and intellectual capital has to be in-
vestigated at the NIC level, especially in developing societies. 

3. Methodology 
Figure 3 provides the conceptual framework: 

Figure 3. Conceptual framework. 

A rigorous authentication process was undertaken to validate the conceptual frame-
work for this study. An extensive literature review was conducted to align the framework 
with established theories and concepts in the field. Additionally, feedback from subject 

H8 

H6 

H2 

H4 H3 

H9 H5 

H10 

H1 

Labor 

Productivity 

(Dependent 

Variable) 

H7 

Research & 

Development 

(Moderating 

Variable) 

Training 

(Moderating 

Variable) 

Value Added

Intellectual Coefficient

(Independent 

Variable) 

• Human 

Capital 

• Structural 

Capital 

• Capital Em-

ployed 

Figure 3. Conceptual framework.

A rigorous authentication process was undertaken to validate the conceptual frame-
work for this study. An extensive literature review was conducted to align the framework
with established theories and concepts in the field. Additionally, feedback from subject
matter experts was sought, providing valuable insights into the framework’s appropri-
ateness and relevance. These steps ensured that the framework accurately represented
the underlying theory, constructs and definitions (Table 3), enhancing its validity and
robustness for the study.
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Table 3. Details of the operational definitions of the variables used in this study.

Variable How to Calculate Measures Rationale

VAIC
The sum of IC and
employed capital

efficiency

Represents
knowledge-based
intellectual capital

performance

The VAIC gives a
definite value to
intangible assets

Labor
Productivity

Synonymous with
productivity. It is

output/input

The most vital
productivity

component (labor)

LP is the productivity
most relevant to IC

Training

Primary data from the ES
World Bank survey

questionnaire. Secondary
data from annual
financial reports

Training investment Vital prerequisites for
HC and SC

R&D

Primary data from the ES
World Bank survey

instrument. Secondary
data from annual
financial reports

R&D investment
in labor

Vital prerequisites
for SC

Table 4 provides further explanation of the VAIC.

Table 4. The VAIC attributes and formulas.

Various Constituents Formula Elaboration

Value-Added (VA) VA = OP + EC + D + A

VA is the value added
OP is the operating profit

EC is the employee cost expenses
D is for depreciation
A is for amortization

Intellectual Capital (IC) IC = EC + SC
SC = VA − HC

OP is the earnings minus taxes
Depreciation is (Cost—Residual

Value)/useful life
Amortization is the asset cost minus

the residual value of the lifetime

Human Capital
Efficiency (HCE) HCE = VA/HC

Structural Capital
Efficiency (SCE) SCE = SC/VA

Intellectual Capital
Efficiency (ICE) ICE = HCE + SCE

Capital Employed
Efficiency (CEE) CEE = VA/CE CE is for the total

assets—current liabilities

Value-Added Intellectual
Coefficient (VAIC) VAIC = HCE + SCE + CEE Pulic’s VAIC formula [27,38,63–66]

Figure 4 explains how the VAIC is measured through IC efficiency and employed
capital efficiency.
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employed capital efficiency.

Labor productivity descriptions adapted from Sumanth, 1994; Hunnula, 2002; Kumar,
2006, are used, i.e.,

Total Productivity = Total Output (total sales)/Input (labor, material, fixed cap, working cap, energy, Overheads) (1)

The labor productivity and VAIC values helped to develop a merit list of small- and
medium-sized engineering enterprises for donors and engineering managers.

The following hypotheses were chosen to investigate the conceptual framework thoroughly.

Hypothesis 1. The VAIC correlates positively with labor productivity.

Antihypothesis 1. The VAIC does not significantly correlate positively with labor productivity.

Hypothesis 2. The VAIC correlates positively with training.

Antihypothesis 2. The VAIC does not significantly correlate positively with training.

Hypothesis 3. The VAIC correlates positively with R&D.

Antihypothesis 3. The VAIC does not significantly correlate positively with R&D.

Hypothesis 4. Training correlates positively with labor productivity.

Antihypothesis 4. Training does not significantly correlate positively with labor productivity.

Hypothesis 5. R&D positively affects labor productivity.

Antihypothesis 5. R&D does not significantly positively affect labor productivity.

Hypothesis 6. HC correlates positively with labor productivity.
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Antihypothesis 6. HC does not significantly correlate positively with labor productivity.

Hypothesis 7. SC relates positively to labor productivity.

Antihypothesis 7. SC does not significantly relate positively to labor productivity.

Hypothesis 8. CE relates positively to labor productivity.

Antihypothesis 8. CE does not significantly relate positively to labor productivity.

Hypothesis 9. R&D positively moderates the relationship between the VAIC and labor productivity.

Antihypothesis 9. R&D does not significantly positively moderate the relationship between the
VAIC and labor productivity.

Hypothesis 10. Training positively moderates between the VAIC and labor productivity.

Antihypothesis 10. Training does not significantly positively moderate the relationship between
the VAIC and labor productivity.

Research Design: This research is a quantitative, descriptive, epistemological study
using Pearson’s correlation, partial least squares (PLS) regression, and multivariate regres-
sion with model testing in the data analysis. The strategy of the research is akin to the
Venkatraman, 1998 [68], “fit as moderating” scheme.

Knowledge-Intensive SME Criteria: Every country has its own SME classification
criteria. SMEs were selected based on adapted criteria for uniformity in the proposed
research. Table 5 explains the criteria:

Table 5. SME criteria adapted from several countries.

Criteria Criteria
Finalized SMEDA Bangladesh India USA/Canada/

EU

Employees <250 <250
>250

(Industry
Policy 2010)

- 500–1000

Turnover/revenues USD 43 M <USD 1.6 M - - USD 37–48 M

Fixed assets, plants,
and machines

minus buildings
and land

<USD 0.66 <USD 0.66 M <USD 1.74 M <USD 1.15 M -

Instrument: The World Bank’s Enterprise Survey (ES) instrument [69] was adapted
(to collect specific data) for the value-added intellectual coefficient and labor productivity,
keeping in view the data required for measuring intangibles, as mentioned in contemporary
Bontis [70] and Blundell–Bond [71] instruments, and was circulated to firms that met the
adapted SME criterion (Table 2). This instrument has a well-refined firm-level subsection
that provides all the necessary inputs on performance and productivity [72–74].

Data: Primary data were acquired by collecting responses on the instrument form
from the management [75] of the aviation engineering SME firms for 2013–2022, as is the
usual practice in performance studies [72]. These data were refined by comparing them
with secondary data from the annual financial statements that are publicly available online.
The data collection type is related to assets, liabilities, and financial data.

Factor loadings and Cronbach’s alpha were calculated to test the reliability and validity.
The Cronbach’s alpha reliability was 0.71 (>0.7 [76]). PLS was used to confirm the factor
loadings score, which was greater than 0.6 (>0.5 [77]).

Use of Annual Financial Statements: The value-added intellectual coefficient, using
authentic financial statements, is an effective way to measure the SME performance in
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a knowledge environment; the market capitalization method (MCM) does not provide
this. This technique is precedented in a study [4] on the VAIC, market-to-book value, and
corporate performance (return on assets, revenue growth, and employee productivity) for
4254 Taiwanese firms.

Population: These data represent the essential knowledge firms’ clusters in the aviation
engineering (aerospace, electronics, electrical fabrication, assembly, R&D, and engineering
design) ecosystem in Pakistan, i.e., Islamabad, Lahore, Wah, and Karachi.

Sampling Method: Cluster sampling was conducted on the aviation ecosystem firms’
clusters in Rawalpindi, Lahore, and Karachi.

Sample Size: The population size for knowledge-intensive, aviation-related SMEs
registered with the Ministry of Production was 213, but only 87 companies responded
with usable data. Data from 70 companies (32% of the population size plus some extra
for rejections) provided a reasonable t-test, which was not significantly different from the
z-test at a normal distribution.

Statistical Techniques: Table 6 defines the statistical techniques used.

Table 6. The justification for choosing the SPSS-PLS statistical technique for the analysis of the data.

Technique Usage

Generalized method of
moments (GMM)

This method equates sample moments to parameter
estimates, which was unnecessary here.

Partial least squares (PLS-SEM) A small representative sample was used, but only a few
interdependencies were expected in this research.

Data envelopment analysis (DEA) Data envelopment analysis involves decision-making;
therefore, it was not necessary for this research.

Tobit The dependent variable is not skewed in one direction;
Tobit was unnecessary.

Stochastic frontier analysis (SFA) The SFA cannot consider multiple inputs and outputs.

SPSS- PLS Suitable for this research, as descriptive data were available
to find a causal relationship with Pearson’s correlation.

The PLS technique, sometimes known as the “second-gen multivariate analysis” [78],
allows investigators to examine an array of relationships simultaneously, a considerable
advantage over first-generation multivariate analysis; therefore, it was chosen here.

4. Results and Discussion

In Figure 5, the plot of average value-added intellectual coefficient and labor produc-
tivity increase values for ten years for each firm shows reasonably healthy returns (>3.0 [79])
of 4.58 VAIC and 6.78 LP. Some firms have implausibly high returns >25.0, and have been
removed from the descriptive calculations.

Considering the context of this study, the resultant graph of VAIC in Figure 5, seen in
the context of Figure 6, shows relatively high intellectual capital efficiency.

Figure 6 shows the intellectual capital efficiency (ICE) vs. capital employed efficiency
(CEE) for each firm averaged out for ten years. Both curves do not correspond, indicating
that human capital, structural capital, and employed capital perform differently and require
in-depth forensics.

Intellectual capital efficiency is consistently high for every firm compared to financial
efficiency. This result means that intangibles form a significant part of the firms’ value addition,
which includes human capital as a significant part. Emerging knowledge economies [34] are
now focusing on this subdomain to acquire better leads on improving firm performance.

Moving forward, specific tables, PLS for hypothesis testing (Table 7), descriptive statistics
(Table 8), Pearson’s correlation for the strength of the relationships (Table 9), and multivariate
regression for the model testing (Table 10), were generated to draw inferences and findings.
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Table 7. PLS regression results summary table and hypothesis not rejected/rejection.

IV MV DV Latent
Factor X Var Cumm X

Var Y Var Cumm Y
Var (R-Sq.)

Adj
R-Sq. Sig Hypothesis Not

Rejected/Reject

VAIC LP 1 1 1 0.169 0.169 0.168 0.000 Not Rejected
VAIC - Trg 1 1 1 0.012 0.012 0.011 0.003 Not Rejected
VAIC - Rnd 1 1 1 0.029 0.029 0.015 0.056 Rejected
Trg - LP 1 1 1 0.03 0.03 0.029 0.000 Not Rejected

RnD - LP 1 1 1 0.036 0.016 0.011 0.054 Rejected
HC - LP 1 1 1 0.043 0.043 0.042 0.005 Not Rejected
SC - LP 1 1 1 0.31 0.31 0.309 0.000 Not Rejected
CE - LP 1 1 1 0.014 0.014 0.012 0.008 Not Rejected

VAIC Rnd LP 1 1 1 0.144 0.144 0.13 0.053 Rejected
VAIC Trg LP 1 1 1 0.184 0.184 0.183 0.058 Rejected
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Mean and standard deviations of independent and dependent variables are calculated
to arrive at one value for each of VAIC and LP (increase).

Table 8. Descriptive statistics involving the main IV and DV.

N Minimum Maximum Mean Std. Deviation

VAIC 700 0.03299406 97.08453160 8.1877977697 11.51223896556
LP 700 0.04317789 51.22707659 12.1790261212 10.88981383452

Table 9. The correlation matrix shows the strength of the relationship between variables.

VAIC LP RnD Trg HC SC

VAIC
Pearson’s correlation 1 0.411 ** 0.054 0.111 ** −0.036 0.227 **

Sig. (2-tailed) 0.000 0.156 0.003 0.348 0.000
N 700 700 700 700 700 700

LP
Pearson’s correlation 0.411 ** 1 −0.060 0.174 ** 0.208 ** 0.557 **

Sig. (2-tailed) 0.000 0.113 0.000 0.000 0.000
N 700 700 700 700 700 700

RnD
Pearson’s correlation 0.054 −0.060 1 0.383 ** 0.317 ** 0.148 **

Sig. (2-tailed) 0.156 0.113 0.000 0.000 0.000
N 700 700 700 700 700 700

Trg
Pearson’s correlation 0.111 ** 0.174 ** 0.383 ** 1 0.306 ** 0.366 **

Sig. (2-tailed) 0.003 0.000 0.000 0.000 0.000
N 700 700 700 700 700 700

HC
Pearson’s correlation −0.036 0.208 ** 0.317 ** 0.306 ** 1 0.605 **

Sig. (2-tailed) 0.348 0.000 0.000 0.000 0.000
N 700 700 700 700 700 700

SC
Pearson’s correlation 0.227 ** 0.557 ** 0.148 ** 0.366 ** 0.605 ** 1

Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.000
N 700 700 700 700 700 700

CE
Pearson’s correlation 0.007 0.118 ** 0.015 0.316 ** 0.154 ** 0.246 **

Sig. (2-tailed) 0.854 0.002 0.683 0.000 0.000 0.000
N 700 700 700 700 700 700

** Correlation is significant at 0.01 level.

Table 10. Multivariate testing shows a model with the VAIC leading to LP, while R&D and training
moderate this relationship, which is valid in the engineering SMEs of a developing country.

Model Variables Entered Variables
Removed Method

1 Trg, VAIC, HC, CE, RnD, SC,
VAIC_RnD, VAIC_Trgb Enter

Dependent Variable: LP

Model R R Square Adjusted R
Square Std. Error of the Estimate

1 0.653 a 0.427 0.420 8.29242554979

ANOVAa

Model Sum of
Squares df Mean Square F Sig.

1

Regression 35,376.898 8 4422.112 64.308 0.000 b

Residual 47,516.146 691 68.764

Total 82,893.044 699
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Table 10. Cont.

Coefficients

Model
Unstandardized Coefficients Standardized

Coefficients T Sig.

B Std. Error Beta

1

(Constant) 8.361 0.498 16.781 0.000

VAIC 0.295 0.032 0.312 9.084 0.000

VAIC_RnD 0.125 0.011 0.127 2.277 0.053

VAIC_Trg 0.154 0.015 0.160 1.828 0.058

HC 0.234 0.021 0.223 1.328 0.005

SC 0.457 0.049 0.443 10.728 0.000

CE 0.579 0.057 0.524 2.069 0.008

RnD 0.261 0.022 0.241 1.197 0.054

Trg 0.254 0.025 0.248 0.959 0.000

a. Dependent Variable: LP; b. Predictors: (Constant), Trg, VAIC, HC, CE, RnD, SC, VAIC_RnD, VAIC_Trg.

PLA is also relevant here [80], as this is applied research with models and interaction
constructs.

4.1. Hypothesis Testing Results

Hypothesis testing results using partial least squares (PLS) regression have been
tabulated in Table 7, but each result will be discussed here.

The H1 hypothesis is not rejected, which postulates that the VAIC positively correlates
with labor productivity, as R2 is 0.000, and the variation in the VAIC explains 16.9% of the
variation in LP.

Then, H2 hypothesis is also not rejected which postulates that the VAIC positively
relates to Training. This deduction is due to the p-value being 0.003, with an R2 = 0.11,
which means any change in the VAIC explains an 11% change in training. These results
could mean that training needs to be adequately directed toward knowledge systems or
financial efficiency.

Hypothesis 3, which postulates that the VAIC correlates positively with R&D, is
rejected because the significance is 0.056. This shows that research funds need to enable
knowledge workers to create value through intangibles or financial instruments.

H4 postulates that training positively relates to labor productivity, and has not been
rejected. This deduction is because the p-value is 0.000 and the R2 is 0.029. This change
in training explains the 29% variation in labor productivity, indicating that training funds
help knowledge workers increase output with the same input.

H5 hypothesis is rejected because it says that R&D is positively related to labor
productivity, as the p-value is 0.054 > 0.05 and the R2 is 0.011, which means that the
variation in research explains just an 11% change in productivity, which is too low. This
result could indicate that the resources dedicated to research may need to be increased or
could be misdirected.

Furthermore, H6, which states at HC positively correlates to LP, is not rejected because
the significance is 0.005, and a 4% change in LP explains the change in HC.

H7 is also not rejected, which means that SC relates positively to LP because the
significance is 0.000. SC explains a high 31% change in LP, which indicates proficient
procurement and usage of firms’ structural assets by knowledge workers.

H8, which says CE correlates positively with LP, is also not rejected, since the p-value is
0.008 and the R2 is 0.014. The change in CE is not explained by a major change in LP (1.4%).

The two main hypotheses, the VAIC correlates positively with LP, while the R&D
moderates (H9) and training moderates (H10) have both been rejected, because the p-values
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are higher than 0.05, at 0.53 and 0.58, respectively. This shows that, although individual
training contributes to LP while moderating between value creation and LP, neither R&D
nor training affect the positive change in LP. The deduction is that this model of knowledge
companies does not require investment in people and knowledge.

4.2. Descriptive Statistics

A mean score of 8.19 for the VAIC and 12.17 for LP (Table 8), with very high standard
deviations of 11.5 and 10.88, respectively, is misleading due to unusual spikes in the data,
as seen in Figure 5. Removing the unexplainable spike in the VAIC and LP values, the
average VAIC of engineering firms comes out to be 4.58 and LP 6.78. The industry standard
of the VAIC in Pakistan for banking is 3.05, and insurance is 4.05 [81].

4.3. Pearson’s Correlation

At a significance value of 0.01, the VAIC has a relationship with LP, Trg, and SC. The
VAIC does not have a significant relationship with R&D and HC. The strength of the VAIC
relationship was moderately positive with LP (r = 0.411) and less significantly positive with
SC (r = 0.22). The VAIC with Trg was negligibly positive (r = 0.11). This result means that
value addition and productivity have a markedly positive relationship, with the structure
provided to knowledge workers a close second.

4.4. Multivariate Regression Model Testing

Overall, the VAIC, HC, SC, CE, VAIC_Trg, VAIC_R&D, Trg, and R&D model accounts
for a significant (R2 = 0.427, p = 0.000) variance in LP. Individually, the VAIC, HC, SC, CE,
and Trg can each explain the change in LP (p < 0.5), but not R&D (p = 0.054), VAIC_Trg
(p = 0.053), and VAIC_R&D (p = 0.058). This result means that the kind of investment
engineering managers are making in R&D does not explain changes in productivity, and
neither does the VAIC when seen in conjunction with training and R&D. This could mean
the investment in Trg and R&D are misdirected or are not required in engineering SMEs of
this configuration.

5. Findings and Conclusions
5.1. Findings

The average VAIC value for Pakistan’s knowledge-intensive engineering SMEs (aerospace,
electronics, electrical fabrication, assembly, and engineering design) is 4.58 (Figure 5), and
the labor productivity increase from 2013 to 2022 is 6.78% per annum. In comparison, the
overall VAIC value for nonfinancial firms is 4.913, and for India, it is 5.13 [82]. Furthermore,
the overall LP value for Pakistan is a 1.3% increase per annum [83].

The value-added returns on intellectual capital in engineering SME firms in Pakistan
are consistently higher than the value-added returns on employed capital (Figure 6).

The VAIC explains a 17% variation in LP, which is less-significantly positive (Table 7).
The VAIC (and its attributes, HC, SC, and CE) and moderating variables, training and

R&D, explain changes in LP, except for R&D individually and R&D/training as moderating
variables (Table 7).

SC and training explain a moderate positive variation in LP at 31% and 29%, respec-
tively. HC explains a negligible 4% change in LP (Table 7).

The VAIC is correlated positively with LP (moderate), SC (less significant), and training
(negligibly positive), but not with R&D and HC (Table 9).

Overall, the model of the VAIC (and its attributes, HC, SC, CE) corresponds to LP,
while training and R&D are moderating, but not R&D individually (Table 9).

These findings explain the importance of intellectual capital, notably structural capital
and training, in enhancing labor productivity within knowledge-intensive engineering
SMEs. The positive correlation between the VAIC and LP highlights the value of intellectual
capital management in driving productivity gains. However, the limited impact of R&D
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individually suggests the need for a holistic approach, with training and SC playing pivotal
roles in achieving sustainable growth and productivity within this sector.

5.2. Conclusions

As the study’s conclusions, contributions, and implications are intimately related, they
will be discussed in the same section.

In today’s time, knowledge-based performance drivers (KBPDs) are none other than
the performance and productivity variables of intellectual capital, like human capital,
structural capital, relationship capital, and employed capital. The first implication is, there-
fore, that it would be incorrect to assume that developing countries [84] that have yet to
transition to a knowledge economy due to their typically low Human Development and
Innovation Indices can do so without a constant focus on tacit productivity. Intellectual
capital performance measurements apply to developing countries, even if they are not
visible [85,86] in financial measurements. Therefore, this study adds to the growing litera-
ture on the national intellectual capital of crucial knowledge-intensive engineering SME
industries in developing countries.

Additionally, labor productivity is closely related to intellectual capital, which is part
of its definition. It is also more representative of human capital inputs and can be used
as a valid IC performance metric. Researchers in emerging economies are exploring the
integration of labor productivity into intellectual capital for the same reason [58]. This
result is the second contribution to the existing literature.

The novelty of using the labor productivity metric, typically used in civil engineering
literature, instead of the usual asset productivity (ATO) ratio from the intellectual capital
firms’ performance literature, gives us better insight into nonfinancial human productivity
and has not been performed before. Since the motivation of the research was to reveal prac-
tical results for engineering managers to best utilize human capital, this unique innovation
in firm performance and intellectual capital study achieves just that. This crossover opens
up an interesting way of furthering this model of research by involving more intellectual
capital metrics and productivity metrics, like total factor productivity (TFP) [87].

The VAIC measures the intellectual capital efficiency and value addition, which are
the primary measures of the sustainability of firms through knowledge-oriented activities.
The third contribution is that value creation by directing investment towards human capital
is likely the only guarantee of long-term sustainability. This conclusion may be why
researchers in emerging economies compare human capital’s effect on performance [59]
and productivity [88] instead of the complete spectrum of VAIC attributes: human capital,
structural capital, relationship capital, and employed capital.

Although knowledge-intensive firms seem sustainable on paper, with a reasonably
high VAIC performance value (4.58), a comparison with productivity numbers shows that
this value addition does not lead to significantly higher productivity (17% strength or
relationship). This result is despite a healthy LP growth rate per annum (6.78%) in this
aviation ecosystem as compared to the overall country average of 1.3%. This result points
to the deeper problem of not integrating intellectual performance measures with financial
performance ones, thereby distorting the performance results, as Pulic [38] explained in
knowledge-intensive industries. Hence, this model can help detect financial and value-
added performance indicator distortions in the SMEs of developing countries of this
configuration, which is also the fourth contribution.

The model of increasing firm performance (VAIC) and productivity (LP), while R&D
and training are moderating, is marginally valid. However, R&D and training do not
explain the changes in LP while moderating, although training does so individually. This
result also points to the fact that engineering managers must invest training funds in human
capital, leading to increased productivity. The practical contribution is for engineering
management practitioners in developing countries to decide early on [89] in the firm
lifecycle whether they desire exponentially increasing profits in the long term that come
from the consistent direction of R&D and training funds towards the human capital (also



Sustainability 2024, 16, 424 19 of 23

called innovation [90]) or reaping low-hanging fruit as a production unit (and limiting the
R&D and training funding). The theoretical contribution that R&D and training investments
marked as innovation capital [91], and not focused on human capital, may be the reason
for developing countries’ R&D paradox [84].

Furthermore, this model can be developed further by expanding it across countries [92]
and industries to get a snapshot of the long-term sustainability of an SME ecosystem at
that moment in time.

Even in geographical settings with underdeveloped innovation ecosystems, firm
performance gain mostly comes from employed capital [93], not from intellectual capital,
although not in this case. Therefore, practitioners may want to study the IC or CE versus
performance data before deciding on investment in training or R&D.

Investigating the results further confirms that value addition through knowledge,
especially the quality structure and training provided to employees, has a moderately
positive effect on productivity. Conversely, productivity does not gain from investments
currently being made in human capital and R&D. This paradox of R&D in knowledge-
intensive firms has already appeared in some firms’ clusters in other nations, but not in
engineering firms specifically—which is the fifth contribution to the literature.

Alternatively, this counterintuitive finding on human capital can only be explained
by inappropriate investments in structure and training. At the same time, the quality of
knowledge workers suffers in the context of engineering SMEs in Pakistan. This conclusion
is a practical indication for engineering managers, policymakers, and donors interested in
sustainable performance and productivity for developing countries.

Therefore, human capital, training, and research and development activities in knowledge-
intensive SMEs in this developing country suffer from appropriate spending, which leads
to profitability but not productivity.

The practical contribution is that both the value-added intellectual coefficient and labor
productivity metrics can be used in tandem to form a merit list of knowledge-intensive
engineering SMEs that are likely to succeed in the long term as a compendium for donors
and engineering managers.

The final contribution is that, in developing countries with a nascent financial market
ecosystem, the customary use of market capitalization values is not essential in determining
the knowledge management potential of engineering firms; the VAIC and LP metrics used
in tandem can provide reasonably accurate figures of performance and productivity.

5.3. Limitations

Although these implications and the contributions of this study can be utilized in
developing country settings as a reference for researchers to build their own model, since
the study is at the national intellectual capital level, the results can be fully utilized in
cross-country and cross-industry settings when the study is built to that level.

5.4. Future Work

To enhance the explanatory value of the productivity variable, in future research, the
following proven equations [94] may be used.

Q = ALαKβ. (2)

Here, Q is the output in terms of the value; K is capital; L is the person-hours utilized
by labor; α and β are elasticity symbols; A is the role of technology.

A functional variant of this equation can also be:

Y = ALα K β. (3)

Here, Y is the value-added output.
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Since the log function allows regression, applying log functions gives us a helpful
productivity equation.

Ln A = −x = e−x = z. (4)

Regressions run on these equations will help determine the elasticity of labor (L) and
capital (K). The exponential function models the relationship between the dependent and
independent variables.

In future research on national intellectual capital studies, with more resources available,
the variables under study can be expanded to include return on assets (ROAs), return on
equity (RoE), and asset turnover (ATO), which measure performance and productivity,
respectively. Also, latent productivity results can be improved by measuring the total factor
productivity (TFP) [95].
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