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1. INTRODUCTION is critical for productivity growth and long-term resilience
(Cohen & Levinthal, 1990; Mason et al., 2020; Han et al.,

Thetwin challenges of climate change and population growth 2025). However, the mechanisms governing this diffusion

have placed the international absorption of agricultural process are inherently complex, reflecting interactions
technology (agri-tech) at the center of sustainable  perween firm-level capabilities, cross-border knowledge
development and global food security debates (Lucas, 1988;  flows, and institutional environments (Czajkowski et
Hoenen et al., 2017; Han et al., 2024). As emerging and 4] 2013; Gkypali et al., 2018). The literature identifies
developing economies seek to transform their rural sectors,  three interlinked channels as central to this process: the
their ability to access, adapt, and deploy advanced agri-tech  quality and composition of the workforce’s human capital,
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which shapes absorptive capacity and learning efficiency
(Choi, 2015; Mason et al., 2020); international knowledge
spillovers transmitted through collaborative patenting and
inventor networks (Agrawal et al., 2008; Wang & Zhang,
2019; Cheng, 2025); and technology transfer embedded
in Foreign Direct Investment (FDI), whose effectiveness
depends critically on host-country absorptive capabilities
and skill endowments (Ali et al., 2016; Ben Hassine et al.,
2017; Han et al., 2025).

While these channels are acknowledged, their interactions
are poorly understood, and empirical evidence on
their synergy is limited. High-quality human capital,
encompassing education, skills, and training, is consistently
identified as essential for absorbing and utilizing new
agri-tech (Choi, 2015). Similarly, FDI is a major channel
for agri-tech diffusion, with evidence suggesting vertical
linkages (supplier-customer relationships) yield stronger
spillovers than horizontal (within-industry) competition
(Jinji et al., 2022). International co-patenting networks also
facilitate crucial knowledge spillovers and collaborative
innovation (Hu & Fu, 2023).

Despite the recognized importance of these pillars, a
significant gap exists in understanding their integration.
The literature largely lacks integrated theoretical or
empirical models linking human capital, co-patenting, and
FDI within agricultural innovation systems (Czajkowski et
al., 2014). This leads to a persistent paradox, where some
nations exhibit relatively strong human capital indicators
but achieve low innovation payoffs. This suggests that the
relationship is neither simple nor linear. The impact of
human capital on attracting high-quality FDI, for instance,
is known to be more pronounced in advanced industries
(Delevic, 2024) , and the effectiveness of FDI itself is
contingent on local absorptive capacity (Han et al., 2023).
We argue that the guality and composition of human capital
act as a critical moderator, potentially exhibiting threshold
effects.

This paper seeks to address these gaps by investigating
the non-linear moderating role of human capital quality
on agri-tech absorption from FDI and co-patenting. We
address the following research questions:

1. How does human capital quality (HCQ) moderate the
impact of FDI inflows on agri-tech absorption, measured
by sectoral productivity and patenting activity?

2. How does HCQ moderate the effect of international
co-patenting collaborations on agri-tech absorption?

3. Are there critical threshold levels of human capital
quality below which the spillovers from FDI and co-
patenting are negligible or non-existent?

To answer these questions, we construct a dynamic panel
dataset for 30 emerging economies spanning 2000-2024 .
Our empirical strategy proceeds in two stages, as specified
in our research outline. First, we use a System-GMM
estimator to address the endogeneity and persistence
inherent in productivity and innovation models. This allows
us to estimate the average marginal effects of FDI and co-
patenting, and their interaction with human capital. Second,
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to explicitly test for non-linearities (H3), we employ a Panel
Threshold Regression (PTR) model (Hansen, 1999). This
method allows us to endogenously identify the specific
breakpoints (thresholds) in human capital quality at which
the relationship between technologies inputs (FDI, co-
patents) and agri-tech absorption fundamentally changes.
This paper’s contribution is threefold. First, we respond
directly to the call in the literature for more integrated
models by empirically connecting firm-level collaboration
indicators (co-patents) with national-level FDI and human
capital measures. Second, we provide the first empirical
test of nonlinear human capital thresholds for agri-tech
absorption using dynamic panel and PTR methods. This
moves beyond simple linear interactions and provides a
quantitative answer to the “how much” human capital is
“enough” to benefit from globalization. Third, by focusing
on skill composition and quality metrics, rather than
just years of schooling, we offer more nuanced policy
implications for emerging economies seeking to leverage
international linkages for agricultural transformation.

The remainder of this paper is structured as follows. Section
2 provides a critical literature review and supplemental
sources. Section 3 develops the theoretical framework.
Section 4 describes the data and variables. Section 5 details
the econometric methodology. Section 6 presents the
results, and Section 7 discusses their implications. Section
8 concludes.

2. LITERATURE REVIEW

This review synthesizes the literature on the international
absorption of agri-tech, and supplemented by targeted
methodological and theoretical searches. The review is
organized around the three core pillars identified in the
literature, human capital, foreign direct investment, and
co-patenting, and culminates in identifying the critical
integration gap that motivates this study’s hypotheses.

The literature conceptualizes the effective absorption of
agri-tech as a process contingent on a nation’s absorptive
capacity (Gkypali et al., 2018). High-quality human
capital (HCQ) is consistently identified as the foundational
prerequisite for this capacity (Choi, 2015). This quality is
defined not just by years of schooling (Saini & Mehra, 2024),
but by a composite of technical skills, advanced education,
and targeted training (Mubarik et al., 2020). Firms with a
higher proportion of degree-educated workers and robust
training programs are shown to capture significantly
greater knowledge spillovers (Mohamad & Yunus, 2024).
Specifically, technician-level and high-level skills are
crucial for converting foreign knowledge into productivity
growth (Mason et al., 2020). While international labor
mobility and multi-dimensional proximity dimensions
shape broad knowledge networks , this study narrows
its empirical focus to the measurable macroeconomic
conduits of net FDI flows and international agri-tech co-
patenting. These two flows represent the primary channels
through which external technology interacts with a host
country’s domestic absorptive capacity(Tawiah et al.,
2024; Choudhury, 2016).
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Foreign Direct Investment (FDI) is recognized as a primary
channel for diffusing advanced agri-tech (Kastratovic,
2023). However, the literature provides a nuanced picture of
its effects, which are highly conditional. A key finding is that
the nature of the FDI linkage matters profoundly. Vertical
linkages, connecting foreign firms with local suppliers,
generate stronger and more consistent positive technology
spillovers than horizontal (within-industry) linkages (Jinji
et al., 2022; Ben Hassine et al., 2017). Horizontal FDI may
even have negative impacts on domestic firms that lack the
capacity to compete (Han et al., 2023). This highlights the
critical role of moderators. The literature has extensively
documented that the benefits of FDI are contingent on local
absorptive capacity, which is itself a function of human
capital (Han et al., 2025). Firms with low productivity and
no worker training, for example, fail to absorb any FDI
spillovers (Sarker & Serieux, 2022), while high-tech firms
benefit most (Sugiharti et al., 2022). Alongside human
capital, institutional quality is a powerful moderator. High-
quality institutions,such as control of corruption and rule
of law,are necessary to attract and maximize FDI benefits
(Sabir et al., 2019). Critically, recent literature identifies
threshold effects for institutional quality, finding that
below a certain breakpoint, FDI spillovers can be negative
(Guenichi & Omri, 2025; Slesman et al., 2021).

The third pillar, collaborative innovation, is increasingly
viewed through the lens of co-patenting networks.
International co-patenting is a direct measure of
collaborative innovation and facilitates significant
knowledge spillovers (Xiang et al., 2023). These networks
are often structured around universities and research
institutes acting as hubs (Hu & Fu, 2023; Cheng, 2025),
and their presence amplifies the relationship between
R&D inputs and innovation outputs (Wang & Zhang,
2019). A fascinating insight from this body of work
concerns proximity. The literature finds that cognitive
proximity (shared understanding) and social proximity
(trust, relationships) are more decisive for sustained,
high-quality innovation than mere geographical proximity
(Schiffauerova & Beaudry, 2012; Lauvas & Steinmo,
2021; Agrawal et al., 2008; Zhao et al., 2022). In fact,
social capital within inventor networks is often found to be
a stronger driver of patent quality and commercialization
than individual human capital alone (Meyer, 2023; Liu,
2014; Skytt-Larsen, 2018).

2.1. FDI Dynamics and Spillover Channels in the Agri-
Food Sector

Within agricultural and agri-food sectors, the transmission
of technology via Foreign Direct Investment operates
through distinct vertical and horizontal channels. Recent
empirical studies on agricultural enterprises emphasize
that foreign ownership does not automatically guarantee
automatic productivity gains for domestic farms. Instead,
the positive spillovers are predominantly vertical, occurring
through backward linkages where multinational agri-
food processors provide technical assistance, specialized
training, and advanced input formulations to local

smallholders and supplier cooperatives(Han et al., 2025).
This vertical integration triggers a process of human capital
upgrading within the domestic agricultural workforce.
However, the capacity of local producers to participate in
these high-value networks is highly unequal. Empirical
evidence from emerging markets confirms that backward
FDI linkages can fail to stimulate industrial or agricultural
productivity if the downstream sector lacks baseline
absorptive capacity or exhibits critical skills mismatches.
In the agri-food industry, horizontal FDI can cause
‘crowding out’ effects, penalizing local firms that lack the
technical literacy to compete, whereas highly skilled local
enterprises capture substantial knowledge spillovers. This
underscores that within agricultural systems, human capital
formation is not merely a parallel development indicator
but a binding structural prerequisite to unlocking the latent
productivity dividends of foreign capital(Jinji et al., 2021;
Sarker and Serieux, J., 2022).

Despite the depth of research on these individual pillars,
the literature suffers from a significant integration gap.
Few theoretical or empirical models comprehensively link
human capital, co-patenting, and FDI within a unified
innovation system (Czajkowski et al., 2014; Haq, 2023).
The role of co-patenting as a mechanism linking human
capital and FDI in agriculture remains underexplored
(Ali et al., 2017), and there is a noted lack of micro-level
evidence on firm-level absorptive capacity and skills
mismatches. This gap may explain the paradox identified
in our research outline, where high national human capital
indicators do not always translate into innovation payoffs.
The literature’s focus on institutional thresholds (Guenichi
& Omri, 2025) provides a powerful analogy, yet a similar
threshold effect for human capital quality,particularly in
the context of agri-tech,has not been empirically tested.
The impact of HCQ on attracting quality FDI (Delevic,
2024) and the role of transnational inventors (Cuadros et
al., 2022) and human capital flows (Li & Xu, 2010) all
point toward a complex, interactive relationship.

This paper addresses this gap directly by moving beyond
treating human capital as a simple linear input. We build on
the established literature by proposing that human capital
quality acts as a critical moderator and that its impact is
non-linear. This leads to our three central hypotheses,
which draw directly from the theoretical framework
proposed in our research outline. First, based on the
literature establishing HCQ as a prerequisite for spillover
absorption (Mohamad & Yunus, 2024; Teixeira & Heyuan,
2012), we hypothesize:

- HI1: Human capital quality positively moderates
the relationship between FDI inflows and agri-tech
absorption.

Second, extending this logic to collaborative networks,
where cognitive and social proximity are key (Molina-
Morales et al., 2014), we hypothesize that a skilled
workforce is necessary to engage in and benefit from
such collaborations:

- H2: Human capital quality positively moderates the
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relationship between international co-patenting and agri-
tech absorption.

Finally, our primary contribution addresses the observed
non-linearities and integration gaps. Drawing an analogy
from the identified institutional thresholds (Guenichi &
Omri, 2025) and the finding that firms without training
fail to absorb spillovers (Sarker & Serieux, 2022), we test
the core proposition from our outline:

- H3: There exists a critical, non-linear threshold
of human capital quality; below this threshold, the
absorptive capacity effects of FDI and co-patenting on
agri-tech innovation are non-significant.

3. THEORETICAL AND CONCEPTUAL
FRAMEWORK

This study’s empirical investigation is grounded in a
synthesis of two complementary economic theories
specified in our research design: Endogenous Growth
Theory and the theory of Absorptive Capacity. Endogenous
Growth Theory, particularly the models developed by
Lucas (1988), posits that human capital, rather than being
an exogenous factor, is a primary engine of economic
growth. In this framework, human capital accumulates
through education and learning-by-doing, generating
increasing returns and driving technological progress. It
is this stock of human capital that determines a nation’s
ability to innovate, imitate, and adapt foreign technologies.
This provides the macroeconomic rationale for our focus
on human capital as the fundamental determinant of a
nation’s innovative potential and its ability to converge
with the technological frontier.

While Endogenous Growth Theory provides the macro-
level foundation, the theory of Absorptive Capacity
(ACAP), as formulated by Cohen and Levinthal (1990),
provides the micro- and meso-level mechanisms. Cohen

and Levinthal (1990) define ACAP as the ability of a firm
(or, by extension, a sector or nation) to “recognize the
value of new, external information, assimilate it, and apply
it to commercial ends.” This framework shifts the focus
from mere access to external knowledge to the ability to
internalize and use it. This concept is central to our study
and is strongly supported by the literature. For instance, the
ability of firms to capture knowledge spillovers from FDI
is shown to be a direct function of their existing absorptive
capacity, proxied by education, training, and technical
skills (Mohamad & Yunus, 2024; Mason et al., 2020).

We conceptualize our key variables within this integrated
framework. Foreign Direct Investment (FDI) and
international co-patenting (CoPat) represent the two
primary channels of external knowledge inflow. FDI
acts as a conduit for technology transfer, embedding new
practices and knowledge in the local economy (Kastratovié,
2023), while co-patenting represents a direct, collaborative
mechanism for international knowledge spillovers (Xiang
et al., 2023). However, this external knowledge is not
automatically absorbed.

Human Capital Quality (HCQ) is the primary determinant
of Absorptive Capacity. A workforce with higher education,
superior technical skills, and relevant training (Mubarik et
al., 2020) is better equipped to perform all three functions
of ACAP:

1. Recognition: A skilled workforce (e.g., R&D staff,
trained technicians) can identify and evaluate the
advanced agri-tech embedded in FDI or developed in co-
patenting networks (Gkypali et al., 2018).

2. Assimilation: This involves translating and adapting
the foreign knowledge to the local context. This requires
a deep cognitive base, which is a function of HCQ.

3. Application: This is the final stage, where assimilated
knowledge is applied to create new products, processes,

[INTERNATIONAL KNOWLEDGE INPUTSJ

* FDI Net Inflows

* International Co-Patents

[ DOMESTIC ABSORPTIVE CAPACITY ]

* Human Capital Quality (HCI Index)

[ PANEL THRESHOLD EVALUATION ]

//T\

r

REGIME 1: LOW HCI
(HCI = 0.551 / 0.580)

* Absorptive Capacity = 0
» Spillovers: INSIGNIFICANT

¢ Stagnant Productivity

AGRICULTURAL OUTCOMES:
* No Local Innovation

—

REGIME 2: HIGH HCI
(HCI > 0.551 / 0.580)

» Absorptive Capacity > 0
» Spillovers: SIGNIFICANT

¢ Real Productivity Growth

AGRICULTURAL OUTCOMES:
* Expanded Domestic Patents

Figure 1. Conceptual Framework of Agri-Tech Absorptive Capacity and Human Capital Thresholds
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or productivity gains, which we measure as our outcomes:
agri-tech patents and agricultural productivity growth.

This framework directly motivates our hypotheses. H1
and H2,positing that HCQ moderates the impact of FDI
and CoPat,are a direct test of the ACAP mechanism. The
external knowledge (FDI, CoPat) is hypothesized to have
a stronger effect on outcomes when multiplied by a higher
level of absorptive capacity (HCQ). Furthermore, this
framework provides a strong theoretical justification for
our central threshold hypothesis (H3).

To synthesize the theoretical interplay between international
knowledge flows, domestic absorptive capacity, and
regime-switching agricultural outcomes, our conceptual
framework is formalized visually in Figure 1. As illustrated
in Figure 1, Foreign Direct Investment and international
co-patenting serve as the underlying conduits for external
technology transmission into emerging markets. However,
the economic translation of these inputs is non-linear and
governed entirely by the domestic Human Capital Index
acting as the structural linchpin. If human capital checks
are below the critical thresholds, the local economy lacks
the baseline recognition and assimilation capabilities
necessary to process external flows, resulting in statistically
neutral outcomes. It is only when human capital crosses the
endogenously identified benchmarks (lambda = 0.551 for
productivity and lambda = 0.580 for innovation) that the
absorptive mechanism shifts into a growth-positive regime,
enabling significant positive spillovers.

4. DATA AND METHODOLOGY

4.1 Data, Sample, and Variables

The study utilizes a balanced panel of 30 emerging
economies characterized by their active engagement in
agricultural modernization and international technology
networks. Table 1 provides the specific list of countries and
their descriptive classifications.

This study employs a macro-level panel dataset for 30
emerging economies covering the period from 2000 to
2024, as specified in the research outline. The selection of
countries, presented in Table 1, was guided by the objective
of capturing a diverse set of emerging economies across
different regions and income levels that are actively engaged
in both agricultural production and efforts to attract foreign
investment. The time frame of 2000-2024 provides a
sufficiently long panel to analyze dynamic relationships
and capture the effects of policy and economic shifts.

The variables for this study are drawn from the research
outline and are selected to map directly onto our theoretical
framework . The dependent variables capture agri-tech
absorption through two lenses: innovation output (patents)
and sectoral productivity (growth). The key independent
variables are the channels of technology transfer (FDI,
CoPat) and the primary moderating variable (HCQ).
A set of standard control variables from the growth and
innovation literature is included to mitigate omitted
variable bias. All variables, their definitions, and sources
are detailed in Table 2.

4.2. Missing Data Diagnostics and Imputation Protocol
Prior to analysis, the data underwent several pre-processing
steps. First, all variables were winsorized at the 1st and
99th percentiles to mitigate the influence of extreme
outliers, which are common in cross-country datasets.
Given the unbalanced nature of the panel, with missing
data particularly for R&D and patent counts in the early
2000s, we employed multiple imputation by chained
equations (MICE). Given the unbalanced structure of
our cross-country panel, missing data points are present,
primarily concentrated in domestic R&D expenditure
(In(RND)) (14.2% missing observations) and agricultural
patent counts (In(Agri_Pat)) (11.5% missing observations).
Diagnostic checks indicate a monotone and systematic
wave-like missingness pattern, predominantly isolated
within the first six years of the temporal scope (2000—
2005) and heavily skewed toward lower-middle-income
economies.

To avoid the severe power loss and selection bias
associated with complete-case listwise deletion, we utilize
Multiple Imputation by Chained Equations (MICE).
The fundamental underlying assumption is that the data
are Missing at Random (MAR). This implies that the
probability of missingness is systematically related to
observed covariates rather than unobserved residual
dynamics. In our context, this is highly justifiable: an
emerging economy’s administrative capacity to track R&D
expenditures and patent applications co-evolves with its
institutional quality, digital infrastructure, and economic
development.

To preserve the longitudinal and cross-sectional
dependencies inherent in panel data, the imputation
models were augmented by including country-specific
fixed effects and a global linear time trend as predictors in
each Gibbs sampler iteration loop. We generated m = 10
distinct imputed datasets using predictive mean matching
(PMM) for the continuous skewed variables, ensuring that
imputed values match actual observed donor values and
avoid implausible negative parameters. The final model
estimations and standard errors were pooled using Rubin’s
(1987) rules to accurately capture both intra-imputation
and inter-imputation variance.

MICE is well-suited for panel data and is superior to listwise
deletion or simple interpolation, as it generates multiple
imputed datasets to properly account for the uncertainty
associated with missing values. Our final estimates are
derived by pooling results across 10 imputed datasets.

For variables with high skewness, specifically the count
variables Agri_Pat and CoPat, and the flow variable RND,
we apply a natural logarithm transformation using In(1 + x)
to handle zero values and normalize the distribution. The
Agri_Prod and ICT variables were also log-transformed.
Our primary Inst_Qual variable was constructed by taking
the six indicators from the World Bank’s Worldwide
Governance Indicators (Voice & Accountability, Political
Stability, Government Effectiveness, Regulatory Quality,
Rule of Law, Control of Corruption), standardizing each
to a 0-1 scale, and then taking the unweighted average to
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Table 1. List of Sample Emerging Economies and Structural Classifications

Country Region World Bank Income  Agricultural Employment (% Human Capital Index
Group (2024) of total employment, approx.) (HCI, range 0-1)
Argentina Latin America & Caribbean  Upper-middle income ~T% ~0.60
Brazil Latin America & Caribbean  Upper-middle income ~9% ~0.56
Chile Latin America & Caribbean  High income (OECD) ~9% ~0.65
Colombia Latin America & Caribbean  Upper-middle income ~15% ~0.58
Mexico Latin America & Caribbean  Upper-middle income ~12% ~0.61
Peru Latin America & Caribbean  Upper-middle income ~25% ~0.56
Egypt Middle East & North Africa Lower-middle income ~20% ~0.53
Iran Middle East & North Africa  Lower-middle income ~18% ~0.59
Morocco Middle East & North Africa  Lower-middle income ~30% ~0.53
Turkey Europe & Central Asia Upper-middle income ~16% ~0.63
Ghana Sub-Saharan Africa Lower-middle income ~30% ~0.48
Kenya Sub-Saharan Africa Lower-middle income ~35% ~0.55
Nigeria Sub-Saharan Africa Lower-middle income ~35% ~0.49
So?th Sub-Saharan Africa Upper-middle income ~5% ~0.58
Africa
Tanzania Sub-Saharan Africa Lower-middle income ~65% ~0.48
China East Asia & Pacific Upper-middle income ~23% ~0.65
Indonesia East Asia & Pacific Upper-middle income ~27% ~0.54
Malaysia East Asia & Pacific Upper-middle income ~10% ~0.60
Philippines East Asia & Pacific Lower-middle income ~24% ~0.55
Thailand East Asia & Pacific Upper-middle income ~30% ~0.61
Vietnam East Asia & Pacific Lower-middle income ~36% ~0.58
Bangladesh South Asia Lower-middle income ~38% ~0.52
India South Asia Lower-middle income ~42% ~0.55
Pakistan South Asia Lower-middle income ~37% ~0.50
Kazakhstan Europe & Central Asia Upper-middle income ~17% ~0.63
Poland Europe & Central Asia High income (OECD) ~9% ~0.70
Romania Europe & Central Asia High income ~20% ~0.64
RusswEn Europe & Central Asia Upper-middle income ~6% ~0.69
Federation
Ukraine Europe & Central Asia Lower-middle income ~14% ~0.63
Hungary Europe & Central Asia High income (OECD) ~5% ~0.68

create a single composite index of institutional quality, as
is common practice.

To construct the composite institutional quality index (Inst_
Qual_{it}), we apply a two-step mathematical aggregation
protocol to the six sub-indicators of the World Bank’s
Worldwide Governance Indicators (WGI_k, where k = 1,
..., 0). First, because raw WGI scores range from -2.5 to
+2.5, each indicator is normalized to a strictly bounded O to
1 scale using a linear Min-Max transformation to eliminate
scale bias:

1 _{kit}=(WGI _{kit}—min(WGI _k)) /(max(WGI _k)~min(WGI _k))

Second, these normalized components are aggregated via
an unweighted linear average, assuming equal structural
weight for each governance dimension across the panel:

Inst _Qual _{it}=(1/6) *sum _{k=1}~{6}1_{kit}For  our

alternative human capital quality metric (HCQ_Alt_{it}),
we utilize the tertiary enrollment rate (%) sourced from
the Barro-Lee dataset, cross-referenced with the World
Bank’s Harmonized Learning Outcomes (HLO) database
to isolate quality-adjusted cognitive skills. This alternative
metric is similarly normalized via the Min-Max technique
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to maintain functional consistency during our threshold
robustness testing.

4.3. Econometric Methodology

To address our research questions, we employ a two-
stage quantitative strategy on our panel dataset (N = 30,
T = 24) as outlined in our research design . The primary
challenges in estimating our model are the dynamic
nature of productivity (persistence), the endogeneity of
key regressors (FDI, R&D, and HCQ are likely jointly
determined), and the potential for unobserved country-
specific heterogeneity.

Our empirical investigation is based on methodological
sources identified via a web search completed on October
28, 2025. These sources include the foundational literature
on dynamic panel estimation (Arellano & Bond, 1991;
Arellano & Bover, 1995; Blundell & Bond, 1998), finite-
sample corrections (Windmeijer, 2005), and panel threshold
models (Hansen, 1999). The synthesis of prior literature in
this paper adheres to the PRISMA 2020 guidelines (Page
etal., 2021).

4.3.1. Baseline Dynamic Panel Model
We first specify a baseline dynamic panel model to test
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Table 2. Variable Definitions, Measurement, and Data Sources

Variable Code

Definition

Measurement

Data Source

Dependent
Variables

In(Agri_Prod)

In(Agri_Pat)
Key Regressors

FDI
In(CoPat)
HCI

HCQ_Alt

Control Variables

Agricultural
Productivity
Agricultural

Technology Innovation

Foreign Direct

Investment Inflows

International Co-
Patenting

Human Capital Index

Alternative Human

Capital Quality

Natural logarithm of real agricultural value added per
worker (constant 2015 USD)
Natural logarithm of (1 + number of agri-tech patent
applications, e.g., IPC class A01) filed by residents

Net FDI inflows as a percentage of GDP

Natural logarithm of (1 + number of agri-tech patents

World Bank
(WDI); FAOSTAT
WIPO Statistics
Database

UNCTAD Statistics

WIPO Statistics

with at least one domestic and one foreign inventor) Database
Composite index (0-1) .capturing expected productivity World Bank (WDI)
based on education and health outcomes
Proxy measures including harmonized test scores World Bank

(PISA/TIMSS) or tertiary enrollment rate (%)

(WDI); Barro—Lee

In(RND) Domestic R&D Natural logarithm of gross domestic expenditure on World Bank
Expenditure R&D (% of GDP) (WDI); UNESCO
Natural logarithm of individuals using the Internet (%
In(ICT) ICT Infrastructure aturat fogarithm of InGivi ua. s using the Internet (% ‘World Bank (WDI)
of population)
A f the six Worldwide G Indicat
Inst_Qual Institutional Quality verage of the stx or. wide c?vernance ndicators World Bank (WGI)
(standardized 0-1 index)
Aeri Em Agricultural Employment in agriculture as a percentage of total World Bank
H-_=mp Employment employment (WDID); ILOSTAT
Trade_Open Trade Openness Sum of exports and imports as a percentage of GDP World Bank (WDI)

Notes: All variables are collected on an annual basis for the sample countries over the period 2000-2024. Variable selection is guided by the paper’s
conceptual framework and supported by the related empirical literature (e.g., Sabir et al., 2019; Nguyen, 2024).

our moderation hypotheses (H1 and H2). Following the
endogenous growth literature, we model agricultural
productivity as an autoregressive process, where current
productivity depends on its past values, as well as our key
variables of interest. The model is specified as:

In(Y,)=a,+y,+BIn(Y,_ )+ B,FDI, + n(CoPat,)+ B,HCI,
+ B (FDI, x HCI, ) + B, (In(CoPat, ) x HCI, ) + 5'X,, +0,

where 7 indexes the country and findexes the year. Y, is
the dependent variable (either In(Agri_Prod) or In(Agri_
Pat)). ¢, is a vector of unobserved, time-invariant country-
specific fixed effects (capturing geography, culture, etc.),
and y,represents time-specific fixed effects to control
for common global shocks (e.g., global commodity price
cycles, major technological waves).

Yi,t_1 is the lagged dependent variable, capturing persistence
in productivity. FDI,, In (C’OPat . ) ,and HCI, are our
main regressors. The coefficients of primary interest are
Psand [, which capture the moderating effect of human
capital quality on the technology transfer channels.

X, is a vector of control variables (ln(RND) ,
ln(] CT ), Inst_Qual, Agri_Emp, Trade_Open), and Ol.t
is the idiosyncratic error term.

Estimating this equation with standard Fixed Effects (FE)
OLS will produce biased and inconsistent estimates due to

the Nickell bias (Nickell, 1981), introduced by the presence
of the lagged dependent variable in a short-T panel.

4.3.2. System-GMM Estimator

To overcome these challenges, we employ the two-step
System Generalized Method of Moments (System-GMM)
estimator. This estimator is designed for small-T, large-N
panels, dynamic relationships, and endogenous regressors.
It combines two sets of equations. The first, from the
Difference-GMM (Arellano & Bond, 1991), takes the first
difference of Equation (1) to eliminate the fixed effects &, :

Aln(Y,)= Ay, +fA (Y, ) +..+ AS'X, + Ae,

This differenced equation is then instrumented using
lagged levels of the variables (e.g., Y., ,., X,,,).
However, when variables are highly persisteht (like human
capital), their lagged levels are weak instruments for their
first differences, leading to poor precision.

To ensure the internal consistency and asymptotic efficiency
of the Two-Step System-GMM estimator, we formalize
the identification strategy by explicitly partitioning the
regressor matrix into endogenous, predetermined, and
strictly exogenous blocks. This formalization dictates
the generation of the sequential moment conditions for
both the first-differenced and levels equations. The strict
classification layout and corresponding lag structures are
systematized in Table 3.

To operationalize the Two-Step System-GMM estimator
and insulate the model against instrument proliferation
bias, we impose strict lag-limiting and instrument-matrix
collapsing protocols. The instrument generation strategy
differentiates explicitly between the first-differenced
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Table 3. Econometric Classification and Instrument Specification in System-GMM

Variable Type Specific Variables Theoretical/Econometric Rationale GMM/1V Lag Structure
In(Y_(i.t-1y), FDL it, Subject to simL'lltaneous determination and GMM-style: Lags t-2 anq t-3
. reverse causality; past and current shocks for the differenced equation;
Endogenous In(CoPat_it), In(RND_ . .
. . (e_it) are correlated with current regressor Lag A t-1 for the levels
it), and Interactions .
values. equation.
GMM-style: Lags t-1 and t-2
Independent of current idiosyncratic s y ©ags Bl an .
. . . . . . for the differenced equation;
Predetermined HCL it innovation shocks, but potentially influenced
L . . Contemporaneous A t for the
by historical agricultural growth regimes. .
levels equation.
. In(ICT_it), Inst_ Dﬁven by structural, long-term national Standard IV-style:
Strictly Qual_it, Agri_Emp._it policy and macro-frameworks; completely Contemporaneous levels (t)
U, s _ _1L, . . .
Exogenous - g P orthogonal to unexpected shocks in agri-tech  used as exogenous instruments

Trade_Open_it

innovation (e_it).

for the levels equation.

Table 4. Methodological Summary of the GMM Instrument Configuration

Exogeneity Difference Equation Levels Equation Matrix Treatment
Regressor Name
Class Instruments Instruments Protocol
In(Agri_Prod) / In(Agri Lagged Levels (t-2, Lagged Diff: A .
n(Agri_Prod) / In(Agri_ Endogenous agged Levels ( agged Difference ( Collapsed Matrix
Pat) t-3) t-1)
Lagged Levels (-2 Lagged Difft A
FDI, In(CoPat), In(RND) Endogenous agEC t;*)ve s (2, agEC tll)erence( Collapsed Matrix
Lagged Levels (-2, Lagged Difft A .
Interaction Terms Endogenous aege ) ;:;/e s agge tl l)e rence ( Collapsed Matrix
Lagged Levels (t-1, Cont .
HCI Predetermined agged Levels ( OI,I CIIpOrancons Collapsed Matrix
t-2) Difference (A t)
In(ICT), Inst_Qual, Agri_ Strictly None (IV-style Contemporaneous Level Standard
Emp, Trade_Open Exogenous standard) (t) Overidentification

equation and the levels equation based on the exogeneity
classifications of the regressors.

For the first-differenced equation (GMM-style instruments),
the variables treated as strictly endogenous—including
the lagged dependent variable, FDI, In(CoPat), In(RND),
and their respective interaction terms—are instrumented
using their historical levels lagged at t-2 and t-3. This lag
structure ensures that the instruments are predetermined
with respect to the first-differenced error term (Ae_it),
satisfying the orthogonality conditions. For the human
capital index (HCI), which is treated as a predetermined
regressor, the instrument set extends to include the t-1 lag
in levels.

For the levels equation (GMM-style instruments), to
exploit the additional moment conditions of the system
estimator, the levels equation is instrumented using the
first-differences of the endogenous and predetermined
variables lagged by a single period (A_it-1). This design
relies on the standard assumption that the cross-country
differences in these variables are uncorrelated with the
time-invariant fixed effects (o_i).

For standard I'V-style instruments, the variables categorized
as strictly exogenous—In(ICT), Inst_Qual, Agri_Emp, and
Trade_Open—enter directly as standard instruments in
contemporaneous level form (t) for the levels equation.
Unrestricted GMM style matrices create a distinct
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instrument for every time period, lag, and variable, which
causes the total instrument count (j) to expand quadratically
relative to T. In our 24-year panel (T=24), this would lead to
severe overfitting, which dangerously inflates the Hansen
J-test p-values toward 1.000 and weakens its diagnostic
power. To eliminate this threat, we apply the collapse option
in xtabond?2. Collapsing forces the estimator to construct a
single, integrated instrument column for each lag distance
across all time periods, restricting instrument growth to a
linear function of the variable count. A compact summary
of this configuration and the resulting instrument-to-group
allocations is provided in Table 4.

Econometric Ratios Summary
Total Cross-Sections: 30 Countries
Total  Instrument Count (j): 29  Instruments

Instrument-to-Group Ratio (j / N): 0.967 (j <N)

4.3.3. Panel Threshold Regression (PTR) Model

While the GMM interaction terms test for a linear
moderating effect (H1, H2), our central hypothesis (H3)
posits a non-linear threshold effect. To test this, we use the
Panel Threshold Regression (PTR) model for non-dynamic
panels developed by Hansen (1999). This model allows the
coefficients to change once a “threshold variable” crosses
an endogenously determined breakpoint.

We specify our threshold variable as the Human Capital
Index (HCI) and estimate the following model:
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In(Y,)=a,+7,+6,Z,+I(HCI, <1)-(5X,)

+I(HCI, > 2)-( B, X, )+,

In this equation, Yit is our outcome (In(Agri_Prod) or
In(Agri_Pat)); Z ,, 18 a vector of regressors whose effects
are assumed to be linear (e.g., our standard controls). The
variable of interest is the vector X ;+ » Which contains FDI
and In(CoPat). HCI, is the threshold variable, and / ()
is an indicator function.

The model endogenously searches for a threshold value
A that splits the data into two regimes:

- Regime 1 (HCI, < A): The “low human capital”
regime, where the effect of FDI and CoPat on the outcome
is given by coefficient vector /5'] .

- Regime 2 (HCI, > A): The “high human capital”
regime, where the effect is given by ﬁz .

Hansen’s (1999) method estimates A by minimizing
the concentrated sum of squared residuals. We first
remove the fixed effects ¢, by taking the within-group
transformation (fixed-effects).

The key test for H3 is whether the threshold is statistically
significant, i.e., whether ,31 * ,32 . The p-value for
this test of H,: /3 = f3,is generated via a bootstrap
procedure, as the threshold A is not identified under the
null (it is a non-standard inference problem).

We report the F-statistic for this test based on 1,000
bootstrap replications. If the test is significant, we report
the estimated threshold A and its corresponding 95%
confidence interval, also derived via bootstrap.

S. RESULTS AND ANALYSIS

This section presents the empirical findings of
our study. We begin with descriptive statistics and
correlations, followed by the main System-GMM
estimation results for our moderation hypotheses, and
conclude with the Panel Threshold Regression analysis
to test for non-linear breakpoints. All estimations are
based on the imputed panel dataset (N=30, T=24,
Total Obs = 720) for the period 2000-2024.

5.1 Descriptive Statistics and Correlations

Table 5 provides summary statistics for all variables used
in the analysis. The average agricultural productivity
(In(Agri_Prod)) shows significant variation across the
sample, reflecting the heterogeneity of the 30 emerging
economies. Our key moderator, the Human Capital Index
(HCI), has a mean of 0.607, with a range from 0.355 to
0.812, providing excellent variation to identify threshold
effects. Notably, the agri-tech patenting variables (In(Agri_
Pat), In(CoPat)) have low means but high standard
deviations, which is typical of innovation count data. FDI
inflows average 3.12% of GDP, and institutional quality
(Inst_Qual) is centered at 0.48, indicating that our sample,
on average, falls in the middle-to-lower range of global
governance quality.

Table 6 presents the pairwise correlation matrix for the
key variables. As expected, In(Agri_Prod) is positively
correlated with HCI, In(ICT), Inst_Qual, and In(RND).
HCI shows a strong positive correlation with Inst_Qual
(0.78) and In(ICT) (0.81), confirming that human capital,
institutions, and digital infrastructure are often co-evolving.
Given the high pairwise correlations reported in Table
4, specifically between HCI and Inst_Qual (0.78) and
In(ICT) (0.81) , we conducted explicit multicollinearity
diagnostics. The mean Variance Inflation Factor (VIF) for
the baseline configuration was 4.12, with no single control
variable exceeding the conservative threshold of 5.5.
More fundamentally, the potential for multicollinearity to
destabilize our main findings is structurally mitigated by our
choice of estimator. The first-differencing transformation
within the System-GMM framework sweeps away time-
invariant country-specific fixed effects, removing a primary
source of cross-sectional collinearity. Furthermore,
because System-GMM instruments endogenous variables
(FDI, In(CoPat), HCI, and In(RND)) using their own
lagged levels and orthogonal first-differences, the internal
instrument matrix relies on sequential innovations over
time rather than pure contemporaneous levels, breaking
down linear dependency and safeguarding the asymptotic
efficiency of the parameter estimates.

Table 5. Descriptive Statistics

Variable Mean Standard Deviation Minimum Maximum

In(Agri_Prod) 9.45 0.88 7.91 11.02
In(Agri_Pat) 2.15 1.95 0.00 6.43

FDI (% GDP) 3.12 2.65 -1.15 15.20
In(CoPat) 0.89 1.12 0.00 4.88

HCI (Index 0-1) 0.607 0.11 0.355 0.812
In(RND) (% GDP) -0.98 0.65 -3.20 1.10
In(ICT) (% Population) 3.51 1.02 0.45 4.55
Institutional Quality (0-1) 0.48 0.19 0.10 0.85
Agricultural Employment (%) 22.14 15.30 2.50 61.20

Trade Openness (% GDP) 70.15 28.50 20.11 185.30

Notes: N = 30 countries, T = 24 years (2000-2024). Statistics are based on the multiply imputed panel dataset.

In(RND) denotes the logarithm of R&D expenditure as a percentage of GDP.
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Table 6. Pairwise Correlation Matrix

Variable (0)) 2) 3 4 (5) (6) ™
(1) In(Agri_Prod) 1.000
(2) FDI 0.15% 1.000
(3) In(CoPat) 0.3 1% 0.22%* 1.000
(4) HCI 0.55%%** 0.19%%* 0.40%%* 1.000
(5) In(RND) 0.42%%* 0.10 0.38%#%%* 0.65%%* 1.000
(6) In(ICT) 0.60%** 0.17* 0.35%%* 0.81%%* 0.62%** 1.000

(7) Inst_Qual 0.58#** 0.20%%* 0.417%%* 0.78%%* 0.66%** 0.75%#* 1.000

Notes:*** p < 0.01, ** p <0.05, * p <0.10. Based on imputed balanced panel data.

Table 7. System-GMM Dynamic Panel Results (2000-2024)

Variables (1) In(Agri_Prod)

(2) In(Agri_Prod)

(3) In(Agri_Pat)

(4) In(Agri_Pat)

L.In(Agri_Prod)
L.In(Agri_Pat)

0.812%*%* (0.045)

0.795%*%* (0.048)

0.651%** (0.072)

0.620%** (0.075)

FDI 0.012 (0.009) -0.015 (0.014) 0.008 (0.018) -0.021 (0.025)

In(CoPat) 0.025* (0.014) -0.030 (0.021) 0.088*** (0.029) 0.015 (0.040)

HCI 0.210%* (0.098) 0.115 (0.105) 0.305* (0.180) 0.150 (0.195)

FDI x HCI 0.058* (0.022) 0.072 (0.045)

In(CoPat) x HCI 0.144% (0.055) 0.186* (0.070)
In(RND) 0.035%* (0.016) 0.030* (0.017) 0.150%%% (0.041)  0.142%%% (0.043)

In(ICT) 0.041* (0.024) 0.038* (0.022) 0.065 (0.050) 0.055 (0.051)

Institutional Quality 0.050 (0.033) 0.045 (0.035) 0.102 (0.075) 0.090 (0.078)

Agricultural Employment -0.002* (0.001) -0.002* (0.001) -0.004 (0.003) -0.004 (0.003)

Trade Openness 0.001 (0.001)

Constant 0.850*** (0.210)

0.001 (0.001)
0.910%** (0.235)

0.003 (0.002)
0.601** (0.305)

0.003 (0.002)
0.655** (0.320)

AR(1) p-value 0.015 0.018 0.009 0.011
AR(2) p-value 0.224 0.201 0.185 0.177
Hansen J p-value 0.190 0.175 0.211 0.198

Notes: Two-step System-GMM with Windmeijer robust standard errors in parentheses. All models include time-fixed effects (not reported). L. denotes
one-year lag. HCI is centered at its mean for interaction models. *** p<0.01, ** p<0.05, * p<0.10.

5.2 System-GMM Estimation Results

We proceed to the dynamic panel estimation using the
two-step System-GMM estimator with Windmeijer (2005)
corrected standard errors. This approach, as detailed in
the methodology, treats L.In, FDI, In(CoPat), HCI, and
In(RND) as endogenous and instruments them with their
own lagged levels and differences.

Table 7 presents the results for our two dependent variables.
Models (1) and (2) use In(Agri_Prod) as the outcome,
while Models (3) and (4) use In(Agri_Pat). Models (1) and
(3) include only the main effects, while Models (2) and (4)
introduce the interaction terms to test H1 and H2.

The diagnostic tests for all models are satisfactory.
The number of instruments is kept below the number
of countries, mitigating proliferation bias. The AR(1)
test p-value is significant, as expected, while the crucial
AR(2) test p-value is insignificant in all cases, confirming
the absence of second-order serial correlation in the
differenced residuals. The Hansen J-test p-values are all
well above 0.10, supporting the null hypothesis of joint
instrument validity.

In the baseline models (1) and (3), the main effects of FDI
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and In(CoPat) are mixed. For agricultural productivity
(Model 1), FDI is insignificant, while In(CoPat) is positive
and weakly significant. For agri-tech patents (Model 3),
In(CoPat) and In(RND) are, unsurprisingly, strong positive
predictors.

The key findings emerge in Models (2) and (4) with the
interaction terms. In Model (2), the main effect of FDI
becomes insignificant (-0.015), but the interaction term
FDI*HCI is positive and statistically significant (0.058,
p<0.10). This provides strong support for H1: the effect of
FDI on agricultural productivity is moderated by human
capital. The marginal effect of FDI is: partial derivative
of AgriProd with respect to FDI = -0.015 + 0.058*HCI.
At the mean value of HCI (0.607), the marginal effect is
positive: (-0.015) + (0.058* 0.607) = 0.020. Similarly,
the interaction In(CoPat)* HCI is positive and significant
(0.144, p<0.10), supporting H2.

The results for agri-tech patenting (Model 4) are even
stronger. The interaction In(CoPat)* HCI is positive and
highly significant (0.186, p<0.10). This indicates that the
ability to convert international collaborations into tangible
innovation outputs (patents) is heavily dependent on the
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Table 8. Panel Threshold Existence Tests and Diagnostic Statistics

Dependent . . Bootstrap Estimated 95% Confidence
Variable Threshold Test  F-Statistic p-value Threshold (2) Interval
In(Agri_Prod) Single Threshold 45.8%%** 0.002 0.551 [0.528, 0.575]
. Double
In(Agri_Prod) Threshold 124 0.415 — —
In(Agri_Pat) Single Threshold 32. 1% 0.011 0.580 [0.545, 0.602]
Double
In(Agri_P: . 532 — —
n(Agri_Pat) Threshold 9.8 0.53

Notes: *** and ** denote statistical significance at the 1% and 5% levels, respectively. P-values and 95% confidence intervals are endogenously

generated via a non-parametric bootstrap procedure utilizing 1,000 replications.

Table 5. Panel Threshold Regression Results (HCI as Threshold Variable)

Diagnostics & Regimes

In(Agri_Prod)

In(Agri_Pat)

Threshold Existence Tests (Hansen, 1999)
F-statistic (Single Threshold)
Bootstrap p-value (1,000 replications)
Estimated Threshold (})

95% Confidence Interval
Regime 1: Low Human Capital (HCI <))
Foreign Direct Investment (FDI)
International Co-Patenting (In(CoPat))
Regime 2: High Human Capital (HCI > 1)
Foreign Direct Investment (FDI)
International Co-Patenting (In(CoPat))

Formal Post-Estimation Tests of Equality (HO: f_Low = §_High)

Wald x2(1) for FDI [A = B_High - _Low]
Wald x2(1) for In(CoPat) [A = B_High - f_Low]
Linear Controls Included
Within R?

45 g
0.002
0551

[0.528, 0.575]

0.004 (0.007)
0.011 (0.015)

0.062* (0.010)
0.115* (0.024)

22.56* [p < 0.001]
13.47* [p < 0.001]

32.1°%%

0.011

0.580
[0.545, 0.602]

0.009 (0.015)
0.040 (0.033)

0.081%* (0.021)
0.165* (0.041)

11.45% [p < 0.001]
14.22% [p < 0.001]

Yes Yes
0.451 0.388

Notes: Standard errors are in parentheses. ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

local human capital base, a finding consistent with the
literature on cognitive proximity (Molina-Morales et al.,
2014) and absorptive capacity (Gkypali et al., 2018).
The interaction FDI*HCI is positive but not significant at
conventional levels, suggesting FDI’s primary contribution
(at the mean) is to productivity, while co-patenting is more
directly linked to innovation outputs.

5.3 Panel Threshold Model Results (H3)

While the GMM results confirm a positive moderating
effect, they assume the relationship is linear. We now test
our primary hypothesis (H3), which posits a non-linear
threshold effect. We employ the Hansen (1999) fixed-effects
panel threshold model, using HCI as the threshold-defining
variable. The model searches for a breakpoint \lambda in
HCT that causes a structural shift in the coefficients of FDI
and In(CoPat).

To formally evaluate the validity of the hypothesized non-
linear regime shifts, we implement Hansen’s (1999) fixed-
effects panel threshold protocol using the Human Capital
Index (HCI) as the threshold variable. The statistical
verification of the thresholds, alongside their respective

bootstrap-derived significance parameters, is isolated in
Table 8.

As documented in Table 8, the non-standard inference
test for a single threshold rejects the linear null hypothesis
(HO: B° = B’) with high statistical significance for both
agricultural productivity (F =45.8, p=0.002) and agri-tech
patenting (F = 32.1, p = 0.011). Conversely, the tests for
a double threshold fail to cross conventional significance
barriers, confirming the mathematical precision of a
single-threshold framework.

For the agricultural productivity model, the critical
threshold (A) is endogenously located at an HCI value
of 0.551. The narrow 95% confidence interval [0.528,
0.575] demonstrates a highly concentrated residual sum
of squares minimization baseline, ensuring that the
estimated breakpoint is statistically robust. For the agri-
tech patenting model, the structural inflection point settles
at a slightly higher threshold of 0.580, maintaining a
robust 95% confidence interval between 0.545 and 0.602.
Having established the statistical validity of these explicit
breakpoints, the regime-specific structural parameters are
presented next in Table 9.
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Table 9 reports the results of this estimation. The test for
a single threshold is highly significant for both dependent
variables (In(Agri_Prod): F-stat=45.8, p=0.002; In(Agri_
Pat): F-stat=32.1, p=0.011). Tests for a double threshold
were not significant. This provides strong evidence for a
single-threshold model. .
For agricultural productivity, the estimated threshold A is
0.551. This result is remarkably precise and aligns exactly
with the expected result hypothesized in our research
outline. The 95% confidence interval [0.528, 0.575] is
narrow, lending high confidence to this finding.

The results in Table 9 provide powerful, direct support for
H3.

For agricultural productivity (Column A), in the low human
capital regime (HCI \le 0.551), the coefficient on FDI is
0.004 (p=0.57) and the coefficient on In(CoPat) is 0.011
(p=0.46). Both are statistically indistinguishable from
zero. This implies that for countries below this critical
human capital threshold, attracting FDI or participating
in international co-patenting networks has no significant
effect on agricultural productivity.

In stark contrast, for countries in the high human capital
regime (HCI > 0.551), the coefficients change dramatically.
The coefficient on FDI becomes 0.062 and is highly
significant (p<0.10). This suggests that a one percentage
point increase in FDI as a share of GDP is associated with
a 0.062% increase in agricultural productivity, but only for
countries that have surpassed the HCQ threshold. Similarly,
the coefficient on In(CoPat) jumps to 0.115 (p<0.10).

The results for agri-tech patents (Column B) tell a consistent
story. The threshold is estimated at a slightly higher level
(0.580), but the finding is identical: below this threshold,
FDI and In(CoPat) have no significant effect on patenting.
Above it, both become strong, positive, and significant
predictors of innovation output. These findings empirically
validate our theoretical framework , demonstrating that
absorptive capacity, as proxied by human capital, is not
just a linear moderator but a prerequisite condition for
technology absorption.

To ensure that the structural differences in the slope
parameters across regimes are statistically distinct for each
individual transmission channel, we supplement Hansen’s
(1999) joint threshold existence test with post-estimation
Wald tests for individual coefficient equality (HO: f_Low
= B_High). For the agricultural productivity model, the
Wald test strictly rejects the null of parameter equality

for both the FDI channel (2 = 22.56, p < 0.001) and the
international co-patenting channel (32 = 13.47, p < 0.001).
Similarly, for the agri-tech patenting model, the structural
parameter shifts across regimes are highly significant
for both FDI (32 = 11.45, p < 0.001) and In(CoPat) (x* =
14.22, p < 0.001). These diagnostics conclusively confirm
that the structural shift captured by our threshold variable
(HCI) is not driven by a single dominant channel, but
rather represents a systemic transformation in how host
economies absorb both types of international technology
streams.

5.4 Robustness Checks

To ensure the validity of our findings, several robustness
checks were performed (results summarized, not shown in
tables). First, we re-ran the System-GMM models (Table
5) using an alternative proxy for human capital quality
(HCQ_AIt, defined as tertiary enrollment rates). The
interaction terms FDI*HCQ_AIt and In(CoPat)*HCQ_
Alt remained positive and significant, suggesting our
findings are not an artifact of the HCI measure. Second,
we estimated the models using a Panel-Corrected Standard
Errors (PCSE) OLS estimator, which accounts for cross-
sectional dependence. While this method does not control
for endogeneity, it confirmed the positive and significant
signs on the interaction terms, adding confidence to our
GMM specification. Third, we re-estimated the PTR
model excluding large, resource-rich economies (e.g.,
Russia, South Africa) where FDI might be less focused
on technology spillovers, as suggested in our outline . The
threshold of ~0.55 remained stable and significant. These
checks collectively support the robustness of our central
finding: human capital quality non-linearly moderates the
absorption of agri-tech.

5.5. Sensitivity to Missing Data Processing Protocols

To test the sensitivity of our primary empirical insights to
the MICE protocol, we subject our core models to strict
alternative missing data frameworks. We re-estimate the
interaction System-GMM (Model 2) and the benchmark
Panel Threshold Regression (Model A) wusing: (1)
Complete-Case Analysis (Listwise Deletion): Discarding
all cross-sectional country-year rows containing missing
data cells, reducing the active sample size from 720 to 538
observations. (2) Linear Spline Interpolation: Standard
within-country temporal interpolation bounded by the

Table 9. Robustness of Core Estimations across Missing Data Configurations

Baseline Model

Core Parameters (MICE, m=10)

Complete-Case Analysis
(Listwise Deletion)

Linear Spline
Interpolation

System-GMM: FDI * HCI
System-GMM: In(CoPat) * HCI

0.058* (0.022)
0.144* (0.055)

PTR Threshold (A ) 0.551
95% Confidence Interval [0.528, 0.575]
Observations Count (N * T) 720

0.061* (0.025)
0.151*%* (0.060)

0.055* (0.021)

0.139* (0.051)
0.554 0.548

[0.521, 0.582] [0.525,0.571]
538 720

Notes: Standard errors are reported in parenthetical brackets. Centered parameters are utilized where applicable. Significant thresholds are verified at

the * p < 0.10 level or better.
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endpoints of the observed country-series.

As shown in Table 9, the strategic parameters display
remarkable stability. The interaction coefficients between
FDI, co-patenting, and human capital maintain their
sign, magnitude, and statistical significance across all
estimators. Most importantly, the endogenously identified
human capital threshold (\lambda) shifts only marginally
from 0.551 to 0.554 under Complete-Case analysis and
0.548 under Linear Interpolation , confidently confirming
that our threshold findings are structural features of
the underlying economies rather than artifacts of the
imputation algorithm.

6. DISCUSSION AND POLICY IMPLICA-
TIONS

The empirical results of this study provide robust,
quantitative support for our central hypotheses and offer
a clear explanation for the innovation paradox observed
in some emerging economies. Our findings confirm that
human capital quality (HCQ) is not merely an additive
input to growth but a critical moderator that non-linearly
governs the absorption of foreign technology.

The System-GMM results first established this moderating
relationship. The significant, positive interaction terms (H1
and H2) align perfectly with the vast literature identifying
absorptive capacity as a key condition for spillovers
(Gkypali et al., 2018; Mohamad & Yunus, 2024). This
confirms that the benefits of FDI and co-patenting are not
automatic; they are unlocked by a skilled and educated
workforce capable of recognizing, assimilating, and
applying external knowledge (Cohen & Levinthal, 1990).
However, the Panel Threshold Regression (PTR) model
provides the study’s most significant contribution. By
endogenously identifying a critical threshold of the
Human Capital Index (HCI) at approximately 0.551 for
productivity and 0.580 for patenting, our findings give
a precise answer to the question of “how much” human
capital is enough. This result is strongly consistent with
the hypothesized value in our research outline. Below
this threshold, our results show that the effects of both
FDI inflows and international co-patenting on agri-tech
absorption are statistically indistinguishable from zero.
This threshold effect provides a powerful explanation for
the paradox of nations with seemingly high investment but
low innovation payoffs. Our findings suggest these nations
may be trapped in a “low absorptive capacity” regime.
They may be successfully attracting FDI, but if their
human capital quality remains below the 0.55 threshold,
that investment fails to spill over into domestic productivity
or innovation. This finding empirically validates the
theoretical arguments in the attached literature, which posit
that firms with low productivity and no worker training fail
to absorb FDI spillovers (Sarker & Serieux, 2022) and that
benefits are contingent on local absorptive capacity (Han
et al., 2023).

Analogous to the institutional threshold dynamics
documented in broader development literature governance
(Guenichi & Omri, 2025; Slesman et al., 2021), our findings

establish a strict human capital regime configuration
where the growth-enhancing benefits of technological
globalization remain entirely locked below an index level
of ~0.55.

In the context of co-patenting, the 0.580 threshold for
innovation outputs underscores the importance of cognitive
proximity (Molina-Morales et al., 2014). International
collaboration requires a shared knowledge base to be
fruitful. Our results imply that a country’s average HCQ
must reach a certain level to provide a sufficient mass of
researchers and technicians who can effectively collaborate
with foreign partners. This nuances the findings in the
literature that “social capital” in networks can outweigh
“human capital” (Meyer, 2023; Liu, 2014). Our results
suggest that while social capital is crucial for forming
networks, a critical mass of human capital (HCI > 0.58)
is the non-negotiable requirement to turn those network
connections into tangible, patentable innovations.

Finally, this study successfully addresses the integration
gap identified in the literature (Czajkowski et al., 2014;
Haq, 2023). By simultaneously modeling human capital,
FDI, and co-patenting, we have empirically demonstrated
their interdependence. The effectiveness of the technology
transfer conduits (FDI, CoPat) is proven to be a direct,
non-linear function of the linchpin variable: human capital
quality.

6.2 Policy Implications

The findings of this paper have direct and actionable
implications for policymakers in emerging economies
aiming to accelerate agri-tech absorption.

First, the most critical implication is that policies to attract
FDI for technology transfer are insufficient on their own
and will likely fail if a country’s Human Capital Index is
below the 0.55 threshold. Governments in countries with,
for example, an HCI of 0.45, should not expect significant
productivity spillovers from FDI incentives. This shifts the
policy priority away from a singular focus on “investment
promotion” and toward a more integrated strategy.
Second, our results mandate a policy of sequentialism. The
primary, prerequisite investment must be in human capital.
Governments must prioritize education reform,focusing
on quality, not just enrollment,to push their national HCI
above the 0.55-0.58 threshold. This includes investments
in higher education, technical and vocational training,
and strengthening university-industry linkages to ensure
the skills being taught are relevant to modern agri-tech
(Nyameino & Saurombe, 2025). This aligns with literature
highlighting the specific need for technician-level and
high-level skills (Mason et al., 2020).

Third, FDI strategy should be contingent on the national
HCI level. For countries below the threshold, policy should
not necessarily stop FDI, but it should be realistic about its
benefits. The focus might be on attracting vertical FDI in
supplier-customer relationships, which are shown to have
stronger spillovers (Jinji et al., 2022) and can provide direct
training and demonstration effects (Sarker & Serieux,
2022), thereby helping to build human capital over time.
For countries above the threshold, policy can be more
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ambitious, targeting high-tech R&D-intensive FDI and
actively fostering international research collaboration, as
these will now yield significant returns.

Finally, the 0.55 HCI value provides a concrete, data-driven
benchmark. International bodies like the World Bank and
national development agencies can use this threshold as a
diagnostic tool to assess a country’s “innovation readiness”
and to allocate development funds more effectively. For
a country below this benchmark, funding may be better
directed at education and training programs rather than at
large-scale technology parks that lack the skilled workforce
to be effective.

6.3. Micro-Level Micro-Foundations

While the Panel Threshold Regression endogenously
identifies a macro-level structural breakpoint at a Human
Capital Index (HCI) of approximately 0.55 to 0.58, the
latent economic dividend is ultimately realized through
distinct, micro-level agribusiness commercialization
channels. The transition from the low-absorptive capacity
regime to the growth-positive regime alters the operational
capacity of local agricultural systems through four primary
micro-foundational mechanisms.

First, regarding contract farming viability and compliance:
under the low-HCI regime (HCI < 0.551), attempts by
foreign-invested enterprises to establish vertical supplier
linkages routinely break down due to low compliance with
strict global standards. Once a host country passes the
human capital threshold, the workforce gains the essential
cognitive and technical skills needed to understand
and implement strict sanitary and phytosanitary (SPS)
protocols, trace-back frameworks, and precision agronomy
blueprints embedded in Foreign Direct Investment (FDI)
packages. This human capital proficiency drastically
reduces rejection rates at the farm gate, converting standard
contract farming from a high-risk administrative burden
into a reliable conduit for technology transfer.

Second, concerning global value-chain (GVC) integration:
passing the threshold enables local agricultural cooperatives
to move beyond the export of raw, bulk commodities into
high-value upstream and downstream GVC niches. The
presence of technician-level and advanced agricultural
skills allows domestic firms to effectively decode and
deploy complex biophysical innovations captured through
international co-patenting networks. This collective
competence shifts the agricultural sector from low-margin
primary farming to high-margin post-harvest preservation,
advanced cold-chain logistics, and digitized supply-chain
tracking.

Third, vertical coordination and transaction cost reduction:
high-tier agri-tech absorption involves complex, multi-
party intellectual property frameworks and precision
equipment operations. When the national HCI crosses
the 0.580 threshold for patentable innovations, it ensures
a critical mass of legally and technologically literate
agribusiness managers. This minimizes information
asymmetries, mitigates moral hazard in asset-specific
vertical coordination, and lowers the transactional frictions
associated with international licensing, university-industry
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technology transfer, and joint venture patent cross-
licensing.

Fourth, branding and quality upgrading: the
commercialization of foreign technology relies on the
capacity to differentiate products in global markets.
Reaching the high-human capital regime allows agricultural
enterprises to move past passive technology imitation to
proactive quality upgrading. Local firms can successfully
combine international co-patented technical innovations
with sophisticated downstream branding strategies, such as
securing geographic indications (Gls), organic certification,
and fair-trade labels. This branding power captures an
increased share of global consumer willingness-to-pay,
generating the financial surpluses necessary to sustain
domestic research and development cycles.

7. CONCLUSION

This paper sought to address a critical gap in the development
literature: understanding the mechanisms that govern the
international absorption of agricultural technology in
emerging economies. Motivated by the paradox of nations
with high human capital but low innovation payoffs, we
investigated the role of human capital quality (HCQ) as a
moderator for technology spillovers from Foreign Direct
Investment (FDI) and international co-patenting.

Our primary contribution is the empirical identification of
a significant, non-linear threshold effect. Using a dynamic
panel model (System-GMM) and a Panel Threshold
Regression (PTR) model (Hansen, 1999) on a dataset of
30 emerging economies from 2000-2024, we confirmed
that HCQ is not just a linear contributor to growth, but a
fundamental prerequisite for absorptive capacity.

Our findings are threefold. First, in line with H1 and H2,
we found that HCQ positively and significantly moderates
the relationship between both FDI and co-patenting and
the measures of agri-tech absorption (productivity and
patenting). This confirms the foundational theory of
absorptive capacity (Cohen & Levinthal, 1990). Second,
and most critically, our results provided robust support for
H3. We identified a statistically significant threshold in
the World Bank’s Human Capital Index at approximately
0.551. Third, we found that for countries below this human
capital threshold, the impact of both FDI and international
co-patenting on agricultural productivity and innovation is
statistically indistinguishable from zero. The technology
spillovers only materialize after this critical level of human
capital is achieved.

These findings have profound policy implications,
suggesting that a sequential approach to development
policy is necessary. A strategy focused merely on attracting
FDI is likely to fail if the nation’s human capital base is
below the 0.55 HCI threshold. The prerequisite investment
must be in the quality of education and health to build the
absorptive capacity required to “catch” the technological
spillovers from globalization.

This study is subject to several limitations. First, our
analysis is at the macro-country level, and our variables
(like the HCI) are national aggregates. This limitation, noted
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in the literature, points to the need for more micro-level
analysis. We cannot capture the firm-level heterogeneity
in absorptive capacity, skills mismatches, or the specific
role of social capital in inventor networks, which are all
identified as fruitful areas for future work (Meyer, 2023).
Second, our measures of innovation are based on patent
counts, which are an imperfect proxy for true innovation.
Future research should build on these findings by using
firm-level micro-data to test these mechanisms directly.
Studies that link firm-level training programs (Sarker &
Serieux, 2022) and specific skill compositions (Masonetal.,
2020) to spillovers from FDI would be a valuable next step.
Furthermore, future models should explore the interaction
between human capital thresholds and institutional quality
thresholds (Guenichi & Omri, 2025), as these factors are
likely complementary. This study, however, provides a
clear and empirically-grounded starting point, establishing
that in the quest for technological upgrading, human capital
is the non-negotiable linchpin.
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