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Design and Validation of a Technical Knowledge
Valuation Model for Agricultural Knowledge-

Based Companies Using Structural Equation

Modeling

ABSTRACT

This study aimed to design and validate a structural equation model for the valuation of technical
knowledge in agricultural knowledge-based companies by examining the relationships among
causal conditions, contextual conditions, intervening factors, the central phenomenon, strategies,
and outcomes. This applied, quantitative, cross-sectional study was conducted on 150 university
academics, managers, and specialists affiliated with agricultural knowledge-based companies,
science and technology parks, and relevant research institutions. Participants were selected
through simple random sampling from the eligible population. Data were collected using a
researcher-developed questionnaire scored on a five-point Likert scale. The measurement model
was evaluated using Cronbach’s alpha, composite reliability, average variance extracted, and
discriminant validity criteria. Partial least squares structural equation modeling was performed
using SmartPLS to assess the measurement and structural models, including standardized path
coefficients, bootstrapped t statistics, R%, Q% SRMR, and NFI. All principal structural relationships
were statistically significant. Causal Conditions had a positive effect on the Central Phenomenon
(B=.681,t=20.40, p <.001). Contextual Conditions significantly predicted Strategies (B = .350, t
=4.95, p <.001), as did Intervening Factors (B =.429, t =6.73, p <.001). The Central Phenomenon
also had a positive but weaker effect on Strategies (B =.134, t = 2.35, p =.019). Strategies exerted
the strongest direct effect on Outcomes (B =.827, t = 44.30, p <.001). The model explained 72.7%
of the variance in Strategies and 68.4% of the variance in Outcomes. All Q? values were positive,
and overall model fit was acceptable (SRMR =.069; NFI =.850). The validated model demonstrated
that technical
multidimensional process shaped by economic feasibility, scalability, contextual support, internal
capabilities, and strategic mechanisms. Strategic actions played the most prominent role in

knowledge valuation in agricultural knowledge-based companies is a

translating technical knowledge into economic, organizational, environmental, developmental,
and market-oriented outcomes.

Keywords: Technical Knowledge Valuation; Agricultural Knowledge-Based Companies;
Agritech; Knowledge-Based Economy; Technology Valuation

Introduction

The accelerating transformation of agriculture through digitalization, biotechnology, artificial intelligence, smart sensing,
platform-based services, and data-intensive decision-making has changed the economic meaning of technical knowledge
within agricultural enterprises. Agricultural knowledge-based companies increasingly compete not only through ownership
of physical assets but through their ability to generate, integrate, protect, commercialize, and scale specialized knowledge.
In this environment, technical knowledge encompasses more than codified technological information; it also includes

operational know-how, scientific expertise, process knowledge, technological routines, data capabilities, organizational
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learning, and the capacity to convert research outputs into economically viable products and services. The rise of agritech
has intensified this shift because many agricultural innovations now derive their value from combinations of software,
sensors, artificial intelligence, biological knowledge, analytics, supply-chain intelligence, and specialized human expertise
rather than from tangible assets alone. Recent research has documented the rapid expansion of technology-driven
agricultural systems and the growing strategic importance of agritech in restructuring production, service delivery, and
agribusiness competitiveness [1-3]. At the same time, the integration of artificial intelligence and Internet of Things
technologies into agriculture has expanded the volume and complexity of knowledge embedded in agricultural technologies,
making the assessment of their economic and strategic value increasingly difficult [4]. Consequently, the capacity to value
technical knowledge has become a central managerial requirement for agricultural knowledge-based companies seeking
investment, technology transfer, commercialization, strategic alliances, or sustainable growth.

The valuation of technical knowledge is especially challenging because knowledge-based assets differ fundamentally from
conventional tangible assets. Unlike land, machinery, or inventory, technical knowledge may have uncertain boundaries, may
be difficult to separate from the human and organizational context in which it is used, and may generate value only when
complementary resources are available. The same body of technical knowledge can therefore produce very different
economic outcomes depending on market demand, managerial capabilities, financing conditions, scalability, institutional
support, and the technological maturity of the enterprise. Agricultural contexts add further complexity because value creation
is influenced by biological cycles, natural-resource constraints, environmental conditions, spatial variation, and market
volatility. Even the valuation of conventional agricultural assets requires attention to sector-specific factors such as soil
fertility, productivity potential, and economic use [5], while research on biological assets has shown that recognition and
measurement choices can vary substantially depending on accounting assumptions and the nature of agricultural production
[6]. In knowledge-intensive agricultural firms, valuation is more difficult still because the principal source of competitive
advantage may reside in invisible technological capabilities rather than readily observable physical assets. This creates a need
for multidimensional valuation frameworks capable of incorporating economic feasibility, knowledge characteristics,
operational functionality, development potential, organizational conditions, and external market and institutional influences
within a unified analytical structure.

The growing financialization of agricultural assets and the expansion of investment in agritech further increase the
practical importance of credible valuation mechanisms. Agricultural technologies and startups increasingly attract investors
whose decisions depend on expectations concerning technological maturity, future market size, scalability, commercialization
risk, and strategic flexibility. Wilson et al. demonstrated the relevance of real-options reasoning for agricultural technology
startup valuation, highlighting the need to incorporate uncertainty and managerial flexibility into investment assessments
[7]. Similarly, investment in innovative startups involves simultaneous consideration of expected returns and technological
or commercial risks, requiring decision frameworks that move beyond static financial indicators [8]. Investor perspectives in
emerging agricultural technologies also indicate that technological novelty alone is insufficient to determine commercial
attractiveness; market structures, regulatory conditions, consumer acceptance, and scaling opportunities can substantially
influence perceived value [9]. More broadly, the transformation of farmland and agricultural resources into financial assets
illustrates how value in agriculture is increasingly shaped by institutional, investment, and sustainability considerations rather

than simple productive output [10]. These developments suggest that valuation of technical knowledge should not be treated



as a narrowly financial exercise. Instead, it should capture how knowledge interacts with technological readiness,
organizational capability, market opportunity, financing access, environmental sustainability, and institutional conditions to
create future economic benefits.

Agricultural knowledge-based enterprises also operate within innovation ecosystems in which universities, incubators,
accelerators, extension systems, public agencies, financial institutions, and producer organizations contribute to the
development and commercialization of technology. The role of incubators and accelerators in the fourth agricultural
revolution demonstrates the importance of ecosystem-level support in moving agricultural innovations from invention
toward market application [11]. University knowledge exchange can likewise reshape the business models of agritech startups
by connecting scientific capabilities to entrepreneurial and commercial processes [12]. Agricultural engineering education
contributes to this ecosystem by building the technical competencies required for the development and implementation of
agricultural technologies [13], while the changing role of extension professionals indicates that digital transformation requires
new mechanisms for translating technological knowledge into practical agricultural use [14]. These relationships imply that
the value of technical knowledge is partly relational: knowledge becomes more valuable when firms can access external
expertise, complementary infrastructures, appropriate training, technological networks, and commercialization channels.
Therefore, institutional context, human capital, knowledge maturity, and entrepreneurial support should be regarded as
integral components of technical knowledge valuation rather than peripheral variables.

Market adoption represents another major determinant of the realized value of technical knowledge. A technology may
be scientifically sophisticated and technically functional yet possess limited economic value if potential users lack the
resources, incentives, capabilities, or willingness to adopt it. Research on agricultural technology adoption has repeatedly
demonstrated that farmers' decisions are shaped by financial constraints, perceived usefulness, institutional conditions,
infrastructure, and access to relevant information. Evidence from commercial farm managers shows that agritech adoption
is affected by a combination of organizational and contextual factors [15], while studies of small-scale irrigation technologies
demonstrate that demand and adoption can be constrained even when technologies have clear productive potential [16]. At
the household level, heterogeneity in preferences can also influence demand for labor-saving agricultural technologies,
indicating that technological value cannot be inferred solely from technical efficiency [17]. The wider diffusion of innovations
in the agritech sector similarly depends on whether new technologies align with sustainability priorities, operational
requirements, and user expectations [18]. Accordingly, the valuation of technical knowledge should consider not only what
a technology can do but also whether it can be adopted, implemented, adapted, and sustained within real agricultural
systems.

The economic value of technical knowledge is also closely linked to entrepreneurship and the capacity of firms to transform
knowledge into scalable business opportunities. Agripreneurship has become an important mechanism for translating
technological innovations into market-oriented agricultural enterprises, yet entrepreneurial outcomes are conditioned by
organizational structures, financing systems, social norms, and policy environments. Farmer-producer companies can
facilitate agripreneurship by connecting producers with markets, collective resources, and business capabilities [19]. At the
same time, youth entrepreneurial intentions in agriculture are affected by perceived social norms and the broader social
environment surrounding agricultural enterprise development [20]. Programs designed to promote agricultural youth

entrepreneurship may generate social as well as economic returns, suggesting that the consequences of agricultural



knowledge-based activity extend beyond conventional firm-level profitability [21]. For women agripreneurs, financial
inclusion remains particularly important because access to credit, financial services, and investment networks directly affects
the ability to convert entrepreneurial knowledge into viable and expanding enterprises [22]. These findings reinforce the
argument that technical knowledge valuation should incorporate both direct economic consequences and broader
developmental, organizational, and social outcomes.

Financing constraints and policy conditions are especially consequential for agricultural startups and knowledge-based
companies because technological development often requires substantial upfront investment before commercial returns can
be realized. Agritech startups may face long development cycles, uncertainty regarding regulatory approval, difficulties in
proving market demand, and high costs associated with prototyping, testing, intellectual property protection, and scaling.
Research on the Indian agristartup ecosystem has identified structural and policy constraints that can restrict the growth of
new agricultural ventures despite substantial technological potential [23]. The expansion of data-driven agritech startups in
India and Japan similarly demonstrates that data infrastructures, digital ecosystems, and institutional arrangements are
crucial for the growth of technology-oriented agricultural firms [24]. Digital-economy planning can further transform
agribusiness by integrating agricultural enterprises into broader smart infrastructures and market systems [25]. At the supply-
chain level, next-generation agricultural technologies can improve traceability, coordination, forecasting, and operational
efficiency, thereby creating new sources of economic value across agricultural value chains [26]. However, these benefits are
contingent on the firm's ability to access financing, infrastructure, markets, and institutional support, which means that the
economic potential of technical knowledge cannot be evaluated independently of the conditions under which it is
commercialized.

The importance of information itself as an economic asset is particularly evident in modern agricultural value chains. High-
quality information can influence market coordination, product differentiation, pricing, and decision quality, thereby
generating measurable economic value [27]. As agricultural firms increasingly rely on data platforms, digital monitoring,
predictive analytics, and artificial intelligence, technical knowledge and data capabilities become mutually reinforcing assets.
The evolution of digital platforms toward financing and data-enabled business models illustrates how agricultural technology
firms can move beyond their original service functions and create new forms of economic value through informational
advantages [28]. Such transformations blur the traditional boundaries between technological capability, financial capability,
and market capability. A technical knowledge valuation model must therefore account for the possibility that the value of
knowledge is enhanced when firms can combine technological expertise with data, financing, market access, and platform-
based coordination. This also highlights the significance of market-oriented and institutional strategies in converting
knowledge resources into measurable outcomes.

Sustainability introduces another essential dimension into agricultural technology valuation. Technical knowledge in
agriculture increasingly faces the dual expectation of generating commercial returns and contributing to environmental
resilience. Agricultural technologies that improve resource efficiency, reduce environmental degradation, support climate
adaptation, or strengthen the resilience of agricultural value chains may possess strategic value that conventional valuation
approaches fail to recognize. Strategic risk management in horticultural value chains increasingly incorporates agritech and
artificial intelligence as tools for resilience and adaptive capacity [29]. Likewise, sustainable open innovation in agritech shows

that digital technologies can support shared value creation by simultaneously advancing business competitiveness and



sustainability objectives [30]. Research on agricultural benefit measurement has also questioned narrow yardsticks for
assessing farm-sector value, emphasizing the need to recognize wider economic, social, and environmental benefits [31].
Territorial changes associated with agricultural energy and biodiesel development further illustrate that technological and
economic transformations can generate spatial, environmental, and institutional consequences that extend beyond the firm
itself [32]. Consequently, environmental compatibility and sustainability potential should be incorporated into the conceptual
architecture of technical knowledge valuation rather than treated as external considerations.

Human resources and organizational knowledge are equally important because technical knowledge frequently remains
inseparable from the people and routines through which it is applied. Agricultural innovations often require specialized
combinations of scientific knowledge, engineering competence, managerial experience, and entrepreneurial judgment. The
practical value of a technology may decline significantly if the firm lacks personnel capable of adapting it to different
production contexts, integrating it with complementary systems, or communicating its benefits to users. In addition, creativity
and entrepreneurship education can strengthen innovation capacities and entrepreneurial performance, reinforcing the role
of knowledge development and human capital in technology-oriented environments [33]. The interaction between
technological capabilities and organizational learning therefore affects not only whether knowledge can be generated but
also whether it can be replicated, transferred, scaled, and commercially exploited. This is particularly relevant in agricultural
knowledge-based companies, where technologies may need continual adjustment to biological, climatic, regional, and
customer-specific conditions. A comprehensive valuation model must accordingly include human factors, knowledge
maturity, cultural conditions, and organizational strategies as interconnected determinants of technical knowledge value.

Another important issue concerns the relationship between technological knowledge and the strategic configuration of
the firm. Technical knowledge does not automatically produce superior outcomes; its value depends on strategic choices
concerning financing, market orientation, institutional engagement, technological positioning, and organizational
development. Companies may possess similar technological capabilities but achieve different results because they differ in
their ability to secure investment, build market legitimacy, protect intellectual assets, develop partnerships, or scale their
innovations. The emergence of new agritech business models demonstrates how technological transformation can alter the
configuration of value creation itself, requiring firms to reconsider how scientific knowledge, customer relationships, digital
platforms, and revenue models interact [12, 30]. Furthermore, technological innovation in agriculture increasingly requires
firms to manage uncertainty across interconnected value chains, making strategic resilience a fundamental component of
value creation [29]. From this perspective, valuation should capture not only the intrinsic attributes of technical knowledge
but also the strategic mechanisms through which those attributes are converted into organizational and market outcomes.

Despite the growth of agritech scholarship, much of the existing literature remains fragmented across themes such as
technology adoption, entrepreneurship, startup financing, digital transformation, sustainability, agricultural asset valuation,
innovation ecosystems, and supply-chain modernization. Studies have provided valuable evidence regarding the expansion
of agritech [1], investment risk [8], startup valuation [7], agricultural technology adoption [15], financial inclusion [22],
knowledge exchange [12], and digital agricultural transformation [4, 24], yet these streams do not by themselves provide an
integrated empirical framework for assessing how multiple dimensions jointly shape the valuation of technical knowledge in
agricultural knowledge-based companies. A purely financial model may understate the importance of knowledge maturity,

scalability, institutional infrastructure, or human capability, whereas a purely technological assessment may overlook market



attractiveness, financing conditions, organizational consequences, and sustainability. Similarly, single-factor analyses are
insufficient when technical knowledge valuation emerges from simultaneous relationships among several latent variables
and their observable indicators. This methodological limitation creates a strong rationale for using structural equation
modeling, which can assess both the measurement quality of multidimensional constructs and the structural relationships
among them within one coherent analytical framework.

PLS-based structural equation modeling is particularly appropriate for this purpose because the valuation of technical
knowledge involves multiple interrelated latent constructs whose effects may occur simultaneously and indirectly. A model
of agricultural technical knowledge valuation can incorporate causal conditions such as economic feasibility and development
potential; contextual conditions including institutional, economic, infrastructural, market, human, entrepreneurial, and
environmental environments; intervening factors such as knowledge maturity, human capabilities, cultural conditions, and
adaptation and sustainability; strategic responses involving financing, market, cultural, and institutional strategies; and
multidimensional consequences including economic, organizational, environmental, market-oriented, developmental, and
operational outcomes. Such a framework recognizes that the value of technical knowledge is not generated by a single
determinant but by the interaction of technological characteristics, organizational capacity, external conditions, and strategic
action. This perspective is consistent with contemporary agritech research showing that technological innovation is
embedded in complex systems of investment, adoption, information, sustainability, entrepreneurship, and institutional
support [9, 18, 19]. It also offers a more realistic basis for managerial decision-making by identifying which latent dimensions
make the strongest contribution to the overall valuation architecture.

Accordingly, developing and validating a multidimensional technical knowledge valuation model can provide both
theoretical and practical contributions. Theoretically, such a model can integrate previously disconnected streams of
agricultural innovation research and explain how technical, economic, institutional, human, market, strategic, and
sustainability dimensions jointly contribute to value creation. Practically, a validated model can assist managers of agricultural
knowledge-based companies in identifying the dimensions that strengthen the economic and strategic value of their technical
knowledge, support investors in assessing knowledge-intensive agricultural ventures more systematically, and help
policymakers design support mechanisms that address the factors most strongly associated with successful
commercialization and sustainable growth. This need is especially important as agricultural technologies become more data-
intensive, financially complex, and interconnected with broader innovation ecosystems, while expectations for resilience,
environmental responsibility, and market scalability continue to increase [10, 25, 26]. Therefore, the aim of this study was to
design and validate a structural equation model for the valuation of technical knowledge in agricultural knowledge-based
companies by examining the measurement properties and structural relationships among its causal, contextual, intervening,

strategic, central, and outcome dimensions.

Methodology

This study employed a quantitative, applied, cross-sectional survey design to validate a technical knowledge valuation
model for agricultural knowledge-based companies using structural equation modeling. The methodological focus of the
study was exclusively on evaluating the measurement properties of the proposed constructs and examining the structural

relationships among the latent variables included in the conceptual model. Structural equation modeling was selected



because technical knowledge valuation in agricultural knowledge-based companies represents a multidimensional
phenomenon composed of several interrelated latent constructs that cannot be adequately assessed through isolated
bivariate relationships. The approach enabled the simultaneous assessment of relationships between observable indicators
and their corresponding latent constructs, as well as the direct and indirect structural relationships among the major
dimensions contributing to the valuation of technical knowledge. The study was therefore designed to determine whether
the theoretically specified model was empirically supported by data obtained from individuals with appropriate scientific,
managerial, and technological familiarity with agricultural knowledge-based activities.

The statistical population consisted of university academics with relevant expertise, managers and specialists of
agricultural knowledge-based companies, professionals working in growth-stage companies located in science and
technology parks, and relevant managers and specialists affiliated with the National Institute of Genetic Engineering and
Biotechnology whose professional activities were related to agriculture, biotechnology, commercialization of technology,
research and development, technological management, or knowledge-based enterprises. Participants were required to
possess sufficient familiarity with the organizational, technological, economic, and managerial characteristics of technical
knowledge in agricultural enterprises to provide informed evaluations of the indicators contained in the questionnaire.
Individuals whose professional background was unrelated to agricultural technology, knowledge-based business
development, research and development, technological commercialization, or management were not included in the study.
The participants were selected using simple random sampling from the accessible population meeting the eligibility criteria.

The required sample size was determined by considering both the statistical requirements of structural equation modeling
and the expected number of observable indicators and latent constructs in the proposed model. An initial electronic
administration of the questionnaire to 30 eligible members of the target population was used as a pilot assessment to
examine response variability and the adequacy of the instrument prior to the principal data collection. Considering the
estimated variability of the responses, the complexity of the structural model, the number of latent and observed variables,
and the need to obtain adequate statistical power for estimating the structural paths, a final sample of 150 participants was
considered appropriate for the principal analysis. This sample size was also compatible with the use of partial least squares
structural equation modeling, which is particularly suitable for relatively complex models involving multiple constructs and
indicators and does not impose the same restrictive distributional assumptions and large-sample requirements associated
with covariance-based structural equation modeling. Data were collected electronically, and respondents were informed
about the purpose of the research, the voluntary nature of participation, confidentiality of responses, and the exclusive use
of the collected information for scientific purposes. Questionnaires with substantial missing information or response patterns
indicating inadequate engagement with the survey were excluded before statistical analysis, whereas complete and usable
guestionnaires were retained for model estimation.

Data were collected using a researcher-developed Technical Knowledge Valuation Questionnaire for Agricultural
Knowledge-Based Companies. The questionnaire was specifically structured to operationalize the latent constructs and
observable indicators incorporated into the proposed structural model of technical knowledge valuation. The instrument
consisted of two major sections. The first section collected general demographic and professional information concerning the
participants, such as educational level, professional position, area of expertise, and relevant occupational experience. These

variables were used to describe the characteristics of the study sample and were not incorporated as principal constructs



within the structural model. The second and principal section contained the specialized items used to measure the dimensions
of technical knowledge valuation in agricultural knowledge-based companies. Each item represented an observable indicator
associated with one of the latent constructs specified in the conceptual framework. The questionnaire was designed so that
the collective pattern of responses could be used to assess both the measurement model, which defined the relationships
between latent constructs and their indicators, and the structural model, which represented the hypothesized relationships
among the major dimensions of technical knowledge valuation.

All specialized items were scored on a five-point Likert scale ranging from 1 = very low to 5 = very high. Higher scores
indicated a stronger perceived presence, importance, or contribution of the corresponding indicator to technical knowledge
valuation. The use of a five-point response format provided a standardized metric for measuring respondents' evaluations
across the different model dimensions and enabled the resulting item scores to be directly incorporated into partial least
squares structural equation modeling. Prior to the main administration, the wording, clarity, relevance, comprehensibility,
and correspondence of the questionnaire items with their intended constructs were reviewed by specialists familiar with
agricultural technology, knowledge-based enterprises, management, and technical knowledge valuation. Necessary revisions
were made to eliminate ambiguous wording, improve conceptual correspondence, and ensure that each item represented
the intended domain of measurement.

The validity and reliability of the questionnaire were evaluated at both the preliminary instrument level and the structural
equation modeling level. Face validity was assessed through expert examination of the apparent relevance, clarity,
appropriateness, and interpretability of the questionnaire items. Content adequacy was similarly examined to ensure
sufficient representation of the conceptual dimensions of technical knowledge valuation. Internal consistency reliability was
initially assessed using Cronbach's alpha, with coefficients of 0.70 or greater considered indicative of satisfactory reliability.
During assessment of the PLS-SEM measurement model, reliability was further evaluated using composite reliability, with
values of at least 0.70 regarded as acceptable. Indicator reliability was examined through standardized outer loadings.
Indicators with sufficiently high loadings on their intended constructs were retained, whereas indicators with weak loadings
were evaluated with reference to their theoretical importance and their effect on construct reliability and validity before any
decision concerning their retention was made.

Convergent validity was assessed using the average variance extracted (AVE). An AVE value of 0.50 or greater was
interpreted as evidence that a latent construct explained at least half of the variance in its corresponding indicators and
therefore demonstrated acceptable convergent validity. Discriminant validity was examined to determine whether
conceptually distinct constructs demonstrated sufficient empirical differentiation. The Fornell-Larcker criterion was applied
by comparing the square root of the AVE for each construct with its correlations with the other constructs. In addition,
interconstruct relationships were examined to ensure that excessively high correlations did not indicate conceptual
redundancy or insufficient distinction among the latent variables. These procedures enabled the evaluation of the
qguestionnaire as a measurement system rather than relying solely on a single reliability coefficient, thereby providing
evidence regarding indicator reliability, internal consistency, convergent validity, and discriminant validity before
interpretation of the structural relationships.

Data analysis was conducted using descriptive statistics and partial least squares structural equation modeling (PLS-SEM)

in SmartPLS software. Prior to estimation of the structural equation model, the dataset was screened for completeness,



coding accuracy, missing values, implausible response patterns, and potential data-entry errors. Descriptive statistics,
including frequencies, percentages, means, and standard deviations, were calculated to characterize the study participants
and summarize the central tendency and dispersion of the questionnaire responses. The distributions of the observed
variables were also inspected using skewness and kurtosis coefficients. Values falling approximately within the range of -2 to
+2 were regarded as indicative of acceptable distributional behavior. Nevertheless, strict multivariate normality was not
considered a prerequisite for the principal analysis because PLS-SEM is a variance-based, nonparametric-oriented structural
modeling procedure that is relatively robust to departures from normality.

The structural equation analysis was implemented in two consecutive stages consisting of evaluation of the measurement
model and evaluation of the structural model. Assessment of the measurement model was undertaken before testing the
substantive relationships among the latent constructs to ensure that the indicators measured their intended theoretical
concepts with adequate reliability and validity. Indicator reliability was examined using outer factor loadings. Loadings of
approximately 0.70 or greater were regarded as desirable because they indicate substantial shared variance between an
indicator and its underlying construct. Indicators with moderately lower loadings were not removed mechanically; instead,
their theoretical importance, effect on composite reliability, and contribution to convergent validity were considered
simultaneously. Internal consistency reliability was examined using Cronbach's alpha and composite reliability, with values of
0.70 or above regarded as acceptable. Convergent validity was evaluated using AVE, with values of at least 0.50 considered
satisfactory. Discriminant validity was assessed using the Fornell-Larcker criterion and the pattern of correlations among
constructs to establish that each latent variable represented an empirically distinguishable dimension of the technical
knowledge valuation model.

After satisfactory establishment of the measurement model, the structural model was evaluated to determine the
magnitude, direction, statistical significance, and explanatory capacity of the hypothesized relationships among the latent
constructs. Before interpreting the structural paths, collinearity among predictor constructs was examined using the variance
inflation factor (VIF). VIF values below conventional critical levels were considered indicative of the absence of problematic
multicollinearity. Standardized path coefficients (B) were subsequently estimated to quantify the direction and strength of
the relationships between constructs. Positive coefficients indicated relationships in the same direction, whereas negative
coefficients indicated inverse relationships. Statistical significance of the path coefficients was assessed through the
bootstrapping procedure implemented in SmartPLS. The resulting standard errors, t statistics, and probability values were
used to determine whether the hypothesized structural relationships were statistically supported. At a two-tailed significance
level of 0.05, absolute t values exceeding 1.96 were regarded as statistically significant. Where appropriate, direct and indirect
effects were examined separately to provide a comprehensive assessment of the relationships represented within the
structural model.

The explanatory power of the model was evaluated using the coefficient of determination (R?) for endogenous constructs.
R? represented the proportion of variance in each dependent latent construct explained collectively by its predictor constructs
and was therefore used to assess the model's explanatory performance. Predictive relevance was evaluated using the Stone-
Geisser Q? statistic, with Q? values greater than zero indicating that the model possessed predictive relevance for the
corresponding endogenous construct. Effect sizes were also considered where necessary to determine the relative

contribution of individual exogenous constructs to the explained variance of endogenous variables rather than relying



exclusively on statistical significance. Overall model adequacy was additionally considered through the goodness-of-fit
information available for the estimated PLS model and the consistency of the measurement and structural results. The
interpretation of model adequacy was therefore based on a combination of indicator reliability, internal consistency,
convergent validity, discriminant validity, absence of problematic collinearity, significance and magnitude of structural path
coefficients, explained variance, and predictive relevance rather than on any single statistical index.

The use of PLS-SEM was considered appropriate because the proposed technical knowledge valuation framework included
multiple latent constructs, numerous observable indicators, and simultaneous interrelationships among organizational and
technological dimensions. The method allowed estimation of the measurement and structural components within a unified
analytical framework and was suitable for the sample size available in the present study. Accordingly, the analytical procedure
provided an empirical basis for determining whether the proposed technical knowledge valuation model demonstrated
satisfactory measurement quality, explanatory capacity, predictive relevance, and structural validity in the context of

agricultural knowledge-based companies.

Findings and Results

The final sample consisted of 150 participants with professional or academic involvement in agricultural knowledge-based
companies and related scientific and technological environments. Of the participants, 85 (56.7%) were men and 65 (43.3%)
were women. Regarding educational attainment, 95 participants (63.3%) held a bachelor's degree, 25 (16.7%) held a master's
degree, and 30 (20.0%) held a doctoral degree. In terms of professional experience, 17 participants (11.3%) had less than 7
years of experience, 35 (23.3%) had between 7 and 10 years, 55 (36.7%) had between 10 and 15 years, and 43 (28.7%) had
more than 15 years of professional experience. The largest age group comprised participants aged 31-40 years (n = 75,
50.0%), followed by those aged 20-30 years (n = 35, 23.3%), 41-50 years (n = 25, 16.7%), 51-60 years (n = 13, 8.7%), and
older than 60 years (n = 2, 1.3%). Overall, the demographic profile indicated that the respondents were predominantly
experienced professionals, with 65.4% reporting at least 10 years of work experience, thereby providing an appropriate
empirical basis for evaluating the proposed technical knowledge valuation model.

Table 1

Descriptive Statistics for the Components of the Technical Knowledge Valuation Model

Higher-Order Construct Component n Mean SD Minimum Maximum
Causal Conditions Economic Feasibility 150 3.15 1.35 1 5
Causal Conditions Development and Scalability Potential 150 3.22 1.42 1 5
Intervening Factors Human Factors 150 3.21 1.40 1 5
Intervening Factors Knowledge Maturity 150 3.25 1.36 1 5
Intervening Factors Cultural Conditions 150 3.24 1.37 1 5
Intervening Factors Adaptation and Sustainability 150 3.22 1.36 1 5
Strategies Institutional Strategies 150 3.23 1.43 1 5
Strategies Financing Strategies 150 3.25 1.38 1 5
Strategies Cultural Strategies 150 3.18 1.38 1 5
Strategies Market-Oriented Strategies 150 3.24 1.37 1 5
Contextual Conditions Institutional Context 150 3.31 1.35 1 5
Contextual Conditions Economic and Financial Context 150 3.29 1.37 1 5
Contextual Conditions Infrastructural Context 150 3.26 1.39 1 5
Contextual Conditions Human and Cultural Context 150 3.28 1.35 1 5
Contextual Conditions Market Context 150 3.23 1.38 1 5
Contextual Conditions Environmental Context 150 3.17 1.36 1 5
Contextual Conditions Entrepreneurial Context 150 3.22 1.35 1 5
Central Phenomenon Operational Function 150 3.23 1.42 1 5
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Central Phenomenon Knowledge Characteristics 150 3.35 1.37 1 5
Outcomes Economic and Financial Outcomes 150 3.24 1.35 1 5
Outcomes Development and Scalability Outcomes 150 3.18 1.36 1 5
Outcomes Technical and Performance Outcomes 150 3.26 1.33 1 5
Outcomes Environmental Outcomes 150 3.26 1.34 1 5
Outcomes Organizational Outcomes 150 3.18 1.36 1 5
Outcomes Market-Oriented Outcomes 150 3.21 1.39 1 5

As presented in Table 1, the mean scores of the model components ranged from 3.15 to 3.35 on the five-point scale,

indicating that respondents generally evaluated the components at levels slightly above the theoretical midpoint of 3.00.

Knowledge Characteristics obtained the highest mean score (M = 3.35, SD = 1.37), followed by Institutional Context (M = 3.31,

SD = 1.35), Economic and Financial Context (M = 3.29, SD = 1.37), and Human and Cultural Context (M = 3.28, SD = 1.35).

Technical and Performance Outcomes, Environmental Outcomes, and Infrastructural Context each also received relatively

high evaluations. Economic Feasibility showed the lowest mean (M = 3.15, SD = 1.35), followed by Environmental Context (M

=3.17, SD = 1.36), Cultural Strategies (M = 3.18, SD = 1.38), Development and Scalability Outcomes (M = 3.18, SD = 1.36), and

Organizational Outcomes (M = 3.18, SD = 1.36). Nevertheless, all means exceeded 3.00, suggesting an overall positive

assessment of the dimensions included in the technical knowledge valuation model. Standard deviations ranged from 1.33

to 1.43, indicating sufficient response dispersion to distinguish participants' evaluations across the measured dimensions.

Table 2

Internal Consistency Reliability of the Measurement Model

Construct Cronbach's a Composite Reliability (CR) Reliability
Economic Feasibility .801 .883 Supported
Adaptation and Sustainability .789 .877 Supported
Economic Context 771 .867 Supported
Market Context .788 .876 Supported
Infrastructural Context .769 .866 Supported
Institutional Context .820 .893 Supported
Human Context .788 .876 Supported
Environmental Context 774 .869 Supported
Entrepreneurial Context .800 .883 Supported
Knowledge Maturity .825 .896 Supported
Financing Strategy .783 874 Supported
Market Strategy .790 .877 Supported
Cultural Strategy 778 871 Supported
Institutional Strategy .789 .877 Supported
Strategies .884 .904 Supported
Cultural Conditions 775 .870 Supported
Contextual Conditions .930 .938 Supported
Causal Conditions .836 .880 Supported
Intervening Factors .890 .909 Supported
Human Factors .808 .886 Supported
Knowledge Characteristics .776 .870 Supported
Development and Scalability Potential .815 .890 Supported
Central Phenomenon .833 .878 Supported
Market-Oriented Outcomes .768 .865 Supported
Development and Scalability Outcomes .780 .872 Supported
Environmental Outcomes .786 .875 Supported
Economic Outcomes .795 .880 Supported
Organizational Outcomes .783 .873 Supported
Performance Outcomes 751 .858 Supported
Outcomes 912 923 Supported
Operational Function .816 .891 Supported
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Table 2 demonstrates satisfactory internal consistency reliability for all constructs incorporated into the measurement
model. Cronbach's alpha coefficients ranged from .751 for Performance Outcomes to .930 for Contextual Conditions, and
therefore every construct exceeded the minimum acceptable threshold of .70. Composite reliability coefficients ranged from
.858 t0 .938 and similarly exceeded the recommended .70 criterion in all cases. Furthermore, composite reliability was higher
than Cronbach's alpha for every construct, providing additional evidence of the internal consistency of the measurement
model. Among the higher-order constructs, Contextual Conditions showed the strongest reliability (a = .930, CR = .938),
followed by Outcomes (a =.912, CR =.923), Intervening Factors (a =.890, CR =.909), and Strategies (o = .884, CR =.904). The
results therefore confirmed that the observable indicators consistently represented their corresponding latent constructs
and that the measurement scales possessed sufficient reliability for subsequent evaluation of the structural model.

Table 3

Convergent Validity of the Measurement Model

Construct AVE Convergent Validity
Economic Feasibility 716 Supported
Adaptation and Sustainability 704 Supported
Economic Context .686 Supported
Market Context 702 Supported
Infrastructural Context .683 Supported
Institutional Context .736 Supported
Human Context .703 Supported
Environmental Context .689 Supported
Entrepreneurial Context 715 Supported
Knowledge Maturity 741 Supported
Financing Strategy .697 Supported
Market Strategy .704 Supported
Cultural Strategy .693 Supported
Institutional Strategy .703 Supported
Strategies .541 Supported
Cultural Conditions .691 Supported
Contextual Conditions .519 Supported
Causal Conditions .550 Supported
Intervening Factors .556 Supported
Human Factors 722 Supported
Knowledge Characteristics .691 Supported
Development and Scalability Potential .730 Supported
Central Phenomenon .545 Supported
Market-Oriented Outcomes .683 Supported
Development and Scalability Outcomes .694 Supported
Environmental Outcomes .701 Supported
Economic Outcomes .710 Supported
Organizational Outcomes .697 Supported
Performance Outcomes .668 Supported
Outcomes .502 Supported
Operational Function 731 Supported

The AVE coefficients presented in Table 3 ranged from .502 to .741, and all values exceeded the recommended threshold
of .50. Knowledge Maturity demonstrated the largest AVE (.741), followed by Institutional Context (.736), Operational
Function (.731), Development and Scalability Potential (.730), and Human Factors (.722). Even the lowest AVE, which was
observed for the higher-order Outcomes construct (.502), remained above the minimum required value. These findings
established adequate convergent validity because each latent construct accounted for more than 50% of the variance in its

indicators. Discriminant validity was separately evaluated using the heterotrait-monotrait ratio of correlations (HTMT). All
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interconstruct HTMT coefficients were below .90, indicating that the latent variables demonstrated acceptable empirical
distinction from one another. Accordingly, both convergent and discriminant validity of the measurement model were
supported.

The global fit indices also indicated an acceptable correspondence between the proposed model and the observed data.
The standardized root mean square residual was SRMR = .069, which was below the recommended upper limit of .08 and
therefore indicated satisfactory approximate model fit. The normed fit index was NFI = .850, showing an acceptable degree
of improvement relative to the null model, although it remained below values generally interpreted as indicating excellent
fit. The model chi-square value was x?> = 53.76. Taken together, and particularly considering the SRMR value, the results
supported the overall adequacy of the proposed PLS-SEM model for explaining the structure of technical knowledge valuation
in agricultural knowledge-based companies.

Table 4

Coefficients of Determination for the Endogenous Constructs

Endogenous Construct R? Adjusted R? Explanatory Power
Economic Feasibility 748 747 Strong
Adaptation and Sustainability .616 615 Moderate
Economic Context 470 468 Moderate
Market Context 712 711 Strong
Infrastructural Context .533 .532 Moderate
Institutional Context .565 .532 Moderate
Human Context .592 .564 Moderate
Environmental Context .708 .707 Strong
Entrepreneurial Context .601 .600 Moderate
Knowledge Maturity .692 .691 Strong
Financing Strategy .556 .555 Moderate
Market Strategy .663 .662 Moderate
Cultural Strategy 671 .670 Strong
Institutional Strategy 631 .630 Moderate
Strategies 727 724 Strong
Cultural Conditions .585 .584 Moderate
Human Factors .658 .657 Moderate
Knowledge Characteristics 745 745 Strong
Development and Scalability Potential 772 772 Strong
Central Phenomenon 464 463 Moderate
Market-Oriented Outcomes .622 621 Moderate
Development and Scalability Outcomes .563 .562 Moderate
Environmental Outcomes .608 .607 Moderate
Economic Outcomes .614 612 Moderate
Organizational Outcomes .590 .589 Moderate
Performance Outcomes 495 494 Moderate
Outcomes .684 .683 Strong
Operational Function .788 787 Strong

As shown in Table 4, the model demonstrated moderate to strong explanatory power across all endogenous constructs.
Based on the adopted reference values of .19, .33, and .67 for weak, moderate, and strong explanatory power, respectively,
no endogenous construct demonstrated weak explanatory capacity. The highest coefficient of determination was observed
for Operational Function (R? = .788), indicating that 78.8% of its variance was explained by its corresponding higher-order
construct. This was followed by Development and Scalability Potential (R2=.772), Economic Feasibility (R?=.748), Knowledge
Characteristics (R? = .745), Strategies (R? = .727), and Market Context (R? =.712). The higher-order Outcomes construct also

demonstrated strong explanatory power (R? = .684). The Central Phenomenon had the lowest R? among the modeled
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constructs (R? = .464), although this value still represented moderate explanatory capacity. Predictive relevance was
additionally supported by the Stone-Geisser Q? coefficients. All Q? values were positive, ranging from .250 to .571. Most

constructs exceeded .35 and therefore exhibited strong predictive relevance, while the Central Phenomenon (Q? = .250) and

Outcomes (Q? = .272) demonstrated moderate predictive relevance. Operational Function showed the highest predictive

relevance (Q? = .571), followed by Development and Scalability Potential (Q® = .558), Economic Feasibility (Q? = .529),
Knowledge Characteristics (Q% = .509), and Knowledge Maturity (Q? = .507). Collectively, these findings indicated that the
structural model possessed substantial explanatory and predictive capability.

Table 5

Structural Path Coefficients and Significance Tests

Structural Path B t p Result

Causal Conditions - Economic Feasibility .865 53.70 <.001 Significant
Causal Conditions -> Development and Scalability Potential .879 72.10 <.001 Significant
Central Phenomenon - Knowledge Characteristics .863 56.03 <.001 Significant
Central Phenomenon - Operational Function .888 73.05 <.001 Significant
Strategies - Financing Strategy .746 26.30 <.001 Significant
Strategies - Market Strategy .814 37.80 <.001 Significant
Strategies —> Cultural Strategy .819 44.50 <.001 Significant
Strategies - Institutional Strategy .794 35.80 <.001 Significant
Contextual Conditions - Economic Context .686 21.80 <.001 Significant
Contextual Conditions - Market Context .844 57.80 <.001 Significant
Contextual Conditions - Infrastructural Context .730 27.40 <.001 Significant
Contextual Conditions - Institutional Context .752 26.10 <.001 Significant
Contextual Conditions - Human Context .770 33.10 <.001 Significant
Contextual Conditions - Environmental Context .841 30.70 <.001 Significant
Contextual Conditions - Entrepreneurial Context 775 32.20 <.001 Significant
Intervening Factors - Adaptation and Sustainability .785 32.60 <.001 Significant
Intervening Factors - Knowledge Maturity .832 47.90 <.001 Significant
Intervening Factors - Cultural Conditions .765 28.10 <.001 Significant
Intervening Factors - Human Factors .811 40.03 <.001 Significant
Outcomes - Market-Oriented Outcomes .789 36.80 <.001 Significant
Outcomes - Development and Scalability Outcomes 751 30.20 <.001 Significant
Outcomes - Environmental Outcomes .780 33.40 <.001 Significant
Outcomes - Economic Outcomes .783 34.90 <.001 Significant
Outcomes - Organizational Outcomes .768 30.80 <.001 Significant
Outcomes - Performance Outcomes .704 23.20 <.001 Significant
Causal Conditions - Central Phenomenon .681 20.40 <.001 Significant
Contextual Conditions - Strategies .350 4.95 <.001 Significant
Intervening Factors - Strategies 429 6.73 <.001 Significant
Central Phenomenon - Strategies 134 2.35 .019 Significant
Strategies - Outcomes .827 44.30 <.001 Significant

Table 5 shows that all measurement and structural paths included in the model were positive and statistically significant.
At the higher-order measurement level, the strongest relationship was observed between the Central Phenomenon and
Operational Function (B =.888, t = 73.05, p <.001), followed by Causal Conditions and Development and Scalability Potential
(B =.879, t = 72.10, p < .001), Causal Conditions and Economic Feasibility (B = .865, t = 53.70, p < .001), and the Central
Phenomenon and Knowledge Characteristics (B =.863,t = 56.03, p <.001). Among the components of Contextual Conditions,
Market Context (B = .844) and Environmental Context (B = .841) had the strongest associations with the higher-order
construct. Knowledge Maturity showed the strongest relationship with Intervening Factors (B = .832), whereas Cultural
Strategy had the highest loading among the strategy dimensions (B = .819). For Outcomes, Market-Oriented Outcomes

demonstrated the strongest coefficient (B = .789), closely followed by Economic Outcomes (B = .783) and Environmental
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Outcomes (B = .780). These findings confirmed that the first-order constructs were strongly represented by their
corresponding higher-order dimensions.

The principal structural relationships among the major constructs were also statistically supported. Causal Conditions had
a strong positive effect on the Central Phenomenon (B = .681, t = 20.40, p < .001). Contextual Conditions positively affected
Strategies (B = .350, t = 4.95, p <.001), while Intervening Factors exerted a somewhat stronger positive effect on Strategies
(B =.429, t = 6.73, p < .001). The Central Phenomenon also had a positive effect on Strategies, although this path was
comparatively weaker (B =.134, t = 2.35, p =.019). The strongest principal structural relationship was the effect of Strategies
on Outcomes (B = .827, t = 44.30, p < .001), indicating that improvements in the strategic mechanisms associated with
technical knowledge valuation were strongly associated with improvements in its economic, market, organizational,
developmental, environmental, and performance-related consequences. Thus, all hypothesized structural relationships were
statistically significant; four of the five principal paths were significant at the .001 level, while the Central Phenomenon =
Strategies relationship was significant at the .05 level.

Figure 1

PLS-SEM Model of Technical Knowledge Valuation in Agricultural Knowledge-Based Companies Showing Standardized Path

Coefficients, Significance Levels, and R? Values
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Figure 1 presents the standardized solution of the structural equation model and illustrates the direction and magnitude
of the relationships among the major latent constructs. All principal path coefficients were positive, confirming that increases

in the predictor constructs were associated with increases in their respective endogenous constructs. Causal Conditions
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demonstrated a substantial positive relationship with the Central Phenomenon (B = .681), while Contextual Conditions (B =
.350), Intervening Factors (B = .429), and the Central Phenomenon (B = .134) all contributed positively to Strategies. Among
these antecedents, Intervening Factors exerted the strongest direct effect on Strategies. The strongest relationship in the
principal structural model was observed from Strategies to Outcomes (B = .827), demonstrating the central role of strategic
mechanisms in converting favorable valuation conditions into desirable consequences. The R? coefficients displayed within
the endogenous constructs further indicated that the model explained substantial proportions of variance in the principal
outcome variables, including 72.7% of the variance in Strategies and 68.4% of the variance in Outcomes.

Figure 2

PLS-SEM Model of Technical Knowledge Valuation in Agricultural Knowledge-Based Companies Showing Bootstrapped t

Statistics and Average Variance Extracted Values

0.683
0.686 Infrastructural
Context x)‘:’t'::‘
Economic 0.689
Context 21.850
27.471 : /vEnvironmentaI
0.736 i Context Economic
H Feasibili
o 26070 W
Institutional
Context :
Entrepreneurial 0.731
Market-Oriented Context
Outcomes A 2 Conditions 8
34.946 ; p 9'50 0.703 Knowledge
Development and ¢ 73.058 Maturity 53.718
Scalability Outcomes ~ 30-285 Causal AT A
ausa 44,564 35.820 Intervening
A Conditions Factors
: 23.247
44.304 2.350
Environmental ;
Outcomes 36.779 Outcomes Central Operational Conditions
/ Phenomenon  26.345 Function
0.683 4 72128
33.381
30.805 004 6.734 L

Economic / 0.730
Outcomes Development and Financing ;

0.701 Scalability Potential Strategy

F Adaptation and
4003/ fmanN 3258 Knowiedge Sustanabilty
Organizational Performance \ Characteristics
e Otiomes 47.998 28.083
0.722 0.704
Market Cultural
Strategy Conditions
Cultural Institutional
Strategy Strategy

Figure 2 presents the bootstrapping results together with the AVE coefficients of the latent constructs. The t statistics
confirmed the statistical significance of all specified relationships. For the principal structural model, the Causal Conditions
- Central Phenomenon path produced t = 20.40, the Contextual Conditions - Strategies path produced t = 4.95, the
Intervening Factors = Strategies path produced t = 6.73, the Central Phenomenon - Strategies path produced t = 2.35, and
the Strategies > Outcomes path produced t = 44.30. Accordingly, all t statistics exceeded the critical value of 1.96 for a two-
tailed test at the .05 significance level. The AVE coefficients simultaneously demonstrated satisfactory convergent validity, as
every construct exceeded the .50 criterion. The combination of statistically significant structural paths, satisfactory AVE

values, adequate internal consistency, acceptable discriminant validity, positive predictive relevance, and the satisfactory
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SRMR value provided convergent evidence supporting the empirical validity of the proposed technical knowledge valuation

model for agricultural knowledge-based companies.

Discussion and Conclusion

The present study was conducted to validate a structural equation model for the valuation of technical knowledge in
agricultural knowledge-based companies and to determine how causal conditions, contextual conditions, intervening factors,
the central phenomenon, strategies, and outcomes are structurally connected. Overall, the findings supported both the
measurement model and the structural model. Reliability coefficients were satisfactory across all constructs, with Cronbach’s
alpha values ranging from .751 to .930 and composite reliability coefficients ranging from .858 to .938. Convergent validity
was also confirmed because all average variance extracted values exceeded .50, while discriminant validity was supported by
HTMT values below .90. The overall model demonstrated acceptable fit, particularly through an SRMR value of .069, which
was below the conventional .08 threshold, while NFI was .850. Furthermore, the model showed moderate to strong
explanatory power for all endogenous variables, and all Q? coefficients were positive, indicating meaningful predictive
relevance. At the structural level, causal conditions exerted a strong positive effect on the central phenomenon (B = .681, p
< .001), contextual conditions positively influenced strategies (B = .350, p < .001), intervening factors positively affected
strategies (B = .429, p <.001), the central phenomenon had a smaller but significant effect on strategies (f =.134, p =.019),
and strategies exerted the strongest direct effect on outcomes (B = .827, p <.001). These results collectively indicate that
technical knowledge valuation in agricultural knowledge-based firms is a multidimensional process in which technological
and economic characteristics acquire value through supportive contextual conditions and organizational strategies.

The strong effect of causal conditions on the central phenomenon indicates that economic feasibility and development
and scalability potential constitute fundamental determinants of technical knowledge value. The respective relationships of
causal conditions with economic feasibility (B = .865) and development and scalability potential (B = .879) were among the
strongest coefficients observed in the model. This suggests that technical knowledge is valued not only according to its
scientific novelty or technical sophistication but also according to whether it can be translated into commercially feasible and
scalable applications. This finding is consistent with research emphasizing that valuation of agricultural technologies must
incorporate uncertainty, future commercialization potential, and strategic flexibility rather than relying exclusively on current
financial performance [7]. Similarly, investment decisions concerning innovative startups are shaped by both innovation
potential and risk, making scalability and economic viability critical components of perceived enterprise value [8]. Gagnon et
al. also showed that investors in emerging agricultural technologies evaluate market opportunity, commercialization
trajectories, and the ability of innovations to reach viable scale [9]. The present findings therefore support the view that
knowledge possesses greater economic value when it is capable of being transformed into repeatable, expandable, and
financially sustainable applications.

The significance of economic feasibility is also consistent with broader agricultural valuation research. Agricultural assets
and technologies frequently operate under uncertainty related to biological processes, market fluctuations, land quality, and
regulatory conditions. Studies of economic valuation in agribusiness have demonstrated that productive potential and sector-
specific economic characteristics must be incorporated into valuation processes [5], while accounting research on biological

assets has highlighted the sensitivity of valuation to measurement assumptions and characteristics of agricultural production
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[6]. Furthermore, the financialization of agriculture has increased the importance of understanding how future productive
potential is converted into capital value [10]. In this context, the strong contribution of economic feasibility and scalability in
the present model reflects the increasing need for knowledge-based agricultural companies to demonstrate not merely that
their technologies function, but that these technologies can produce sustainable economic returns under realistic agricultural
and market conditions.

The results also demonstrated that contextual conditions were strongly represented by institutional, economic, market,
infrastructural, human, environmental, and entrepreneurial contexts, with particularly high coefficients for market context
(B = .844), environmental context (B = .841), entrepreneurial context (B =.775), and human context (B =.770). These findings
confirm that the valuation of technical knowledge is highly dependent on the ecosystem within which agricultural innovation
is developed and commercialized. Knowledge-based agricultural firms do not operate in isolation; the value of their
technologies depends partly on access to markets, infrastructure, skilled human resources, entrepreneurial support,
regulatory legitimacy, and environmental compatibility. This interpretation aligns with research on agricultural innovation
ecosystems showing that incubators and accelerators can significantly facilitate the commercialization of agricultural
technologies by providing expertise, networks, infrastructure, and business support [11]. Similarly, knowledge exchange
between universities and agritech startups can reshape business models and improve firms’ capacity to transform scientific
knowledge into marketable innovations [12]. Agricultural engineering education likewise contributes to the development of
specialized capabilities necessary for technology-based agricultural systems [13].

The positive effect of contextual conditions on strategies (B = .350, p < .001) further indicates that firms formulate and
implement their valuation-related strategies in response to their operating environment. When institutional, economic,
infrastructural, market, and entrepreneurial environments are supportive, companies are better positioned to develop
financing, market, cultural, and institutional strategies for extracting value from technical knowledge. This result is compatible
with findings from studies of digital agriculture and agritech ecosystems. Suresh et al. showed that the development of data-
driven agritech startups depends on the interaction between technological capabilities and national innovation environments
[24]. Pambudi similarly emphasized the importance of digital infrastructure and coordinated planning for transforming
agribusiness within a digital economy [25]. The modernization of agricultural supply chains through technology also requires
enabling infrastructure and coordination across actors rather than isolated technological investment [26]. Thus, the present
results reinforce the idea that technical knowledge becomes strategically valuable when firms operate within ecosystems
capable of supporting commercialization, diffusion, financing, and technological adaptation.

Intervening factors had a somewhat stronger effect on strategies than contextual conditions (f =.429, p <.001). Within
this construct, knowledge maturity had the strongest relationship (B = .832), followed by human factors (f =.811), adaptation
and sustainability (B = .785), and cultural conditions (B = .765). This pattern highlights the internal organizational capacities
required to convert technical knowledge into strategic value. Knowledge maturity is particularly important because immature
technologies may still face unresolved technical uncertainties, limited documentation, insufficient standardization, or
dependence on specific individuals. Mature knowledge, in contrast, is more likely to be transferable, replicable, scalable, and
suitable for commercialization. The importance of human factors further indicates that technical knowledge cannot be
detached from the capabilities of those who develop and apply it. Recent research on smart agriculture has similarly shown

that the growing use of Al, sensing systems, and loT technologies requires advanced technical competencies and integrated
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knowledge capabilities [4]. The shifting role of agricultural extension personnel in digitalized agricultural systems also
demonstrates that technological value depends on human capacity to interpret, transfer, and implement knowledge
effectively [14].

The importance of adaptation and sustainability within the intervening factors is similarly consistent with contemporary
agritech research. Agricultural innovations operate in environments characterized by climate variability, biological
uncertainty, natural-resource constraints, and changing regulatory expectations. Consequently, technologies that cannot
adapt to environmental and operational variability may have limited long-term value even if they are technically effective in
controlled settings. Njavro et al. emphasized the role of agritech and artificial intelligence in strengthening resilience and
strategic risk management in horticultural value chains [29]. Wahab et al. likewise argued that sustainable adoption of
agritech innovations requires alignment between technological advancement and environmental and organizational
conditions [18]. Rialti et al. further demonstrated that digital technologies can facilitate sustainable open innovation and
shared value creation when technological development is integrated with sustainability-oriented business strategies [30]. The
present findings therefore suggest that adaptation and sustainability should not be regarded merely as desirable external
outcomes but as conditions that directly influence the strategic value of technical knowledge.

The central phenomenon was strongly reflected by operational function (B = .888) and knowledge characteristics (B =
.863), demonstrating that the core of technical knowledge valuation is rooted in both what the knowledge is and what it can
practically accomplish. Operational function represents the capacity of knowledge to improve processes, solve problems,
increase efficiency, or contribute to agricultural production and management, whereas knowledge characteristics reflect
properties such as specificity, distinctiveness, applicability, and technical content. This finding aligns with research
demonstrating that the economic value of agricultural information depends on its usability and contribution to decision-
making rather than on information availability alone [27]. Similarly, the expansion of platform-based agricultural systems
illustrates how technical knowledge can gain value when it supports new financial, informational, or coordination functions
[28]. The rise of smart agricultural technologies also confirms that the value of technical knowledge increasingly derives from
integration among data, sensing, algorithms, and practical operational applications [3, 4].

Nevertheless, the direct effect of the central phenomenon on strategies was comparatively modest (B = .134, p =.019).
Although statistically significant, this relationship was substantially weaker than the effects of contextual conditions and
intervening factors on strategies. This is an important result because it indicates that possessing valuable technical knowledge
alone is insufficient to generate strong strategic responses. Even when knowledge possesses desirable operational and
technical characteristics, firms still require favorable contextual environments and internal organizational capacities to
translate that knowledge into effective financing, market, institutional, and cultural strategies. This interpretation is
consistent with research on agricultural technology adoption showing that technologically useful innovations may face limited
diffusion when financing, infrastructure, organizational readiness, or user acceptance are insufficient [15, 16]. Similarly,
heterogeneity in user preferences can reduce demand even for technologies with apparent productive benefits [17]. Thus,
technical quality appears to be necessary but not sufficient for effective value realization.

The strongest principal structural relationship in the model was the effect of strategies on outcomes (B = .827, p < .001),
with strategies explaining a substantial proportion of variance in the outcome construct. This result indicates that strategic

implementation is the principal mechanism through which technical knowledge is translated into economic, developmental,
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environmental, organizational, market, and performance outcomes. The finding is supported by the relatively strong
relationships of the strategy construct with cultural strategy (B = .819), market strategy (B = .814), institutional strategy (B =
.794), and financing strategy (B = .746). These results suggest that technical knowledge valuation is not simply an assessment
process but also a strategic management process. Firms capable of aligning financing mechanisms, market development,
institutional relationships, and organizational culture with their technological assets are more likely to convert those assets
into valuable outcomes. This interpretation is consistent with evidence that agritech startups face policy, financing, and
commercialization constraints that can prevent technically promising ventures from achieving their potential [23]. Financial
inclusion has likewise been identified as a critical enabler of agripreneurial growth and commercialization [22].

The strong effect of strategies on outcomes also corresponds with research emphasizing entrepreneurship and
organizational capacity in agriculture. Farmer-producer companies can foster agripreneurship by creating institutional and
market mechanisms that support enterprise development [19], while social norms can shape entrepreneurial intentions and
consequently influence the willingness of individuals to participate in agricultural enterprise creation [20]. Entrepreneurship
programs can also generate broader social and economic returns beyond the immediate performance of individual firms [21].
The current model extends these observations by suggesting that the outcomes of technical knowledge valuation are
multidimensional. Economic outcomes were important, but environmental, market-oriented, organizational, development-
oriented, and performance consequences were also strongly associated with the overall outcome construct. This
multidimensionality is consistent with arguments that agricultural benefits should be evaluated through broader metrics than
conventional financial returns alone [31].

The predictive performance of the model further strengthens these interpretations. R? values were moderate to strong
across the endogenous constructs, with especially high values for Operational Function (R? = .788), Development and
Scalability Potential (R? =.772), Economic Feasibility (R? = .748), Knowledge Characteristics (R? = .745), Strategies (R? =.727),
and Outcomes (R? = .684). Furthermore, all Stone-Geisser Q2 values were positive, and most exceeded .35, indicating
substantial predictive relevance. These findings suggest that the proposed model does more than reproduce correlations
among constructs; it provides a meaningful framework for explaining and predicting important dimensions of technical
knowledge valuation. In this respect, the model responds to the fragmented nature of previous agritech literature, which has
often considered investment, adoption, sustainability, entrepreneurship, digital transformation, or valuation separately [1,
2]. By integrating these dimensions in a single structural framework, the present study demonstrates that technical
knowledge value emerges through interconnected technological, contextual, organizational, and strategic mechanisms.

The study has several limitations that should be considered when interpreting the findings. First, the cross-sectional design
captures perceptions at a single point in time and therefore cannot determine how technical knowledge valuation changes
as technologies mature, markets develop, or organizational capabilities evolve. Second, the sample size of 150, although
adequate for the applied PLS-SEM procedure, limits the extent to which subgroup analyses can be performed across different
agricultural industries, organizational sizes, technological domains, or stages of company development. Third, the data were
based on questionnaire responses and therefore remain subject to perceptual bias, common-method effects, and differences
in respondents’ familiarity with specific forms of technical knowledge. Fourth, the model evaluates technical knowledge
primarily through organizational and managerial perceptions rather than through direct monetary valuation, actual

transaction prices, licensing revenues, patent values, or longitudinal firm performance. Finally, the model was validated
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within the specific context of agricultural knowledge-based companies, and its applicability to other technology-intensive
sectors should not be assumed without additional empirical examination.

Future studies should validate the proposed model using larger and more heterogeneous samples drawn from different
agricultural subsectors, regions, and types of knowledge-based enterprises. Longitudinal research would be particularly
valuable for examining whether the structural relationships change as firms move from early technology development to
commercialization, market expansion, and technological maturity. Researchers could also integrate objective financial and
technological indicators, such as research and development expenditure, patent portfolios, licensing income, technology
readiness levels, commercialization revenues, investment rounds, export performance, and market growth, with perceptual
measures of technical knowledge value. Comparative studies could test measurement invariance across different company
sizes, technological fields, or national innovation systems. Future research may also examine mediating and moderating
effects, including the roles of intellectual property protection, absorptive capacity, innovation capability, digital maturity,
access to finance, and environmental uncertainty. Finally, the predictive accuracy of the proposed SEM model could be
compared with machine-learning or hybrid valuation approaches to determine whether combining structural explanation
with algorithmic prediction improves technical knowledge valuation.

Managers of agricultural knowledge-based companies should treat technical knowledge valuation as an integrated
strategic process rather than as a purely accounting or financial calculation. Particular attention should be given to the
economic feasibility and scalability of technologies, because knowledge that cannot be commercialized or expanded is
unlikely to realize its full potential value. Firms should strengthen knowledge maturity through documentation,
standardization, testing, codification, intellectual property management, and reduction of excessive dependence on
individual experts. Because contextual and intervening factors were important predictors of strategic responses, managers
should actively develop partnerships with universities, science and technology parks, investors, agricultural organizations,
public institutions, and market intermediaries. Financing, market, institutional, and cultural strategies should be explicitly
linked to technical knowledge assets, and valuation assessments should incorporate economic, organizational,
environmental, developmental, market, and performance consequences. Investors and policymakers can also use the
validated dimensions as a structured framework for evaluating agricultural knowledge-based companies and identifying
which firms require financial support, infrastructure, commercialization assistance, or capability development before their

technical knowledge can achieve its full economic and strategic value.
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