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Abstract: This paper revisits the relationship between per capita income and technological-intensity structural
transformation in manufacturing. It asks whether the income—cosphi relationship is better described by
heterogeneous nonlinearity and smooth transition zones rather than by a common linear slope or hard income
thresholds. Using a cross-country panel for 2014—2022, with a main sample of 482 observations from 65
countries and an expanded sample of 550 observations from 66 countries, the study employs two-way fixed
effects as a benchmark, spline fixed-effects models as the main specification, threshold fixed-effects models as
a heuristic tool, and a set of robustness checks including balanced versus unbalanced panels and Difference
GMM. The results show that linearity is too restrictive. Nonlinear evidence is stronger in the main sample,
the shape of the relationship differs between developed and developing economies, and threshold models do
not support sharp breakpoints. Mechanism analysis further suggests that R&D conditions the nonlinear
relationship more strongly than FDI. The paper contributes by reframing technological structural
transformation as a nonlinear, heterogeneous, and conditional process rather than a universal income-
threshold story.
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Threshold Effects; Innovation Capability

1. Introduction

Structural transformation has long been viewed as a central engine of long-run economic growth and income
convergence, because development is not merely an expansion in aggregate output, but also a reallocation of labor
and production toward activities with different productivity levels, learning potential, and technological content
[1-4]. Recent studies have reinforced this core insight while also showing that contemporary development
trajectories are more heterogeneous than earlier stylized narratives suggested [5-8]. In particular, newer
contributions emphasize that structural transformation cannot be reduced to a one-way shift from agriculture to
manufacturing and then to services; rather, it should be understood as a broader process involving industrial
composition, productivity dynamics, labor reallocation, and spatial heterogeneity [5-7]. At the same time, recent
evidence rejects the idea that manufacturing has lost its strategic importance for late development: manufacturing
still matters for developing economies as a source of employment, capability formation, and catch-up, even if the
contemporary pattern of industrialization differs from that of earlier periods [8, 9].

Yet most of this literature still studies structural transformation at a relatively aggregate level, focusing on
broad sectoral shares or on the overall role of manufacturing in the economy. This leaves open a more specific
question, which is central to this paper: how does development reshape the technological-intensity composition
within manufacturing itself? This question matters because manufacturing is far from internally homogeneous.
The OECD technology-intensity classification clearly distinguishes industries by technological content [10].
Importantly, this classification inherently encompasses IT-related manufacturing activities (e.g., computers,
electronics, and optical products) within its high- and medium-high-technology categories, ensuring that digital
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and ICT-driven structural shifts are implicitly captured in the analysis. Furthermore, Lall [11] long ago showed
that export and production structures differ systematically by technological sophistication, with important
implications for learning, spillovers, and long-run development performance. More recent work in economic
complexity strengthens this view by treating growth, diversification, upgrading, resilience, and technological
change as outcomes of underlying capability structures rather than of aggregate sectoral indicators alone [12-
15]. Policy-oriented work from WIPO and UNCTAD similarly emphasizes that diversification into more
sophisticated activities is path dependent, capability constrained, and conditioned by the productive structure
already present in the economy [14], [16].

These insights point directly to a second gap in the empirical literature. Even when researchers
acknowledge stage dependence or regime variation, empirical work often still gravitates toward interpretation
in terms of either a common linear slope or a sharp threshold [4], [17]. Threshold estimation remains highly
influential, and Hansen’s fixed-effects threshold framework is still a classic reference for testing regime change
in panel-data settings [18]. But the existence of a threshold estimator should not be conflated with evidence that
economic relationships actually evolve through rigid and universal breakpoints. This is precisely why the
smooth-transition tradition remains valuable: Gonzalez, Terasvirta, and van Dijk [19] developed panel smooth
transition regression models for contexts in which coefficients evolve gradually rather than discretely. Recent
surveys of structural transformation point in the same direction from a broader perspective, emphasizing gradual
adjustment, heterogeneity, and context-specific pathways rather than a single deterministic development
schedule [5-7]. For a paper focused on technological-intensity restructuring, this distinction is especially
important, because it is difficult to argue that all economies should shift into a new technological regime at
exactly the same income level across all countries and development stages.

A third gap concerns mechanisms. If the link between income and structural transformation is
heterogeneous, income itself is unlikely to be the only determinant. The absorptive-capacity literature has long
argued that accumulated knowledge bases and R&D effort shape the ability to recognize, assimilate, and exploit
new knowledge [20]. Recent evidence continues to support this view. For example, Li and Du [21] show that
absorptive capacity remains central to translating cross-border R&D linkages into innovation performance. At
the same time, newer studies on FDI and structural transformation suggest that foreign investment can
contribute to shifts toward more modern activities and more skill-intensive occupations, but typically in ways
that depend heavily on local capabilities rather than through automatic upgrading [22, 23]. More broadly, both
WIPO [14] and UNIDO [9] emphasize that innovation policy and industrial policy are effective only when they
build on existing capabilities and help economies diversify into related, more sophisticated activities. In this
perspective, countries at similar income levels may experience very different restructuring trajectories because
their innovation systems, R&D effort, and absorptive capacity differ substantially.

Against this background, this paper shifts the focus away from the search for a single universal threshold
and toward the identification of heterogeneous transition zones in the relationship between income and
technological-intensity structural transformation. Instead of asking whether all countries cross the same hard
breakpoint, the paper asks whether the income—cosphi relationship is nonlinear, whether its shape differs
between developed and developing economies, and whether that nonlinear path is conditioned by domestic
technological capability.

The distinctiveness of this study lies in its departure from the conventional search for a deterministic,
“magic” income threshold. By bridging structural transformation literature with economic complexity, it offers
anovel empirical framework demonstrating that technological restructuring is a smooth, capability-conditioned
transition rather than an automatic byproduct of rising income. In doing so, the paper provides a more nuanced
and empirically disciplined account of how domestic innovation bases dictate the trajectory of industrial
upgrading across different stages of development.

2. Theoretical Framework and Measurement

This paper does not begin from the premise that every economy must cross the same universal income
threshold in order to achieve technological restructuring. Instead, its conceptual foundation rests on a broader
proposition: structural transformation is a staged but highly heterogeneous process. Accordingly, restructuring
within manufacturing by technological intensity is unlikely to follow a single linear trajectory.
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2.1 Structural Transformation as a Conditional Reallocation Process

From the classical literature to more recent contributions, long-run economic growth is understood not
merely as a mechanical increase in output, but as an ongoing reallocation of productive resources toward sectors
with higher productivity and greater learning potential [1-3]. Recent reviews reinforce this perspective while
emphasizing that manufacturing continues to play a central role in many late-development strategies, even as
the form of industrialization is changing under the influence of digital technologies and globalization [24-26].
Structural transformation, however, does not stop at the movement of labor from agriculture to industry. A more
consequential step is the transformation of the internal structure of manufacturing itself. An economy may
expand the industrial share of output while remaining concentrated in low-value-added processing segments.
By contrast, movement toward more technology-intensive manufacturing branches carries substantially
different long-run development implications, because it requires more complex knowledge systems and
typically generates stronger spillovers [9-11].

2.2 The Logic of Nonlinearity and the Measurement of Technological Distance

Although transformation is staged, there is no theoretical reason to expect the relationship between income
and technological restructuring to be linear. A more plausible interpretation is that this relationship is potentially
nonlinear, because the constraints and mechanisms that drive industrial restructuring change across
development stages. At low income levels, growth may mainly reflect scale expansion in low-technology or
lower-middle-technology industries. As an economy enters the middle-income range, accumulated capabilities
may accelerate restructuring, because absorptive capacity, learning, and movement into more complex segments
improve. At very high income levels, the pace of transformation may slow, flatten, or change form as the
economy approaches the technological frontier and part of the adjustment shifts toward knowledge-intensive
services [12], [14], [16, 17]. This argument is consistent with the economic-complexity literature, which
emphasizes the path-dependent nature of industrial upgrading. Countries tend to diversify into activities whose
capability requirements are close to their existing productive base, while moves into more advanced
technological sectors are often constrained by missing knowledge networks, skills, and complementary
institutions [12-14], [27, 28]. If this reasoning is correct, income growth need not exert a constant marginal
effect on technological restructuring; instead, the shape of the relationship is likely to vary across income ranges.

To operationalize this concept of structural change, the study does not rely on absolute sectoral shares.
Instead, it measures “structural distance” through a cosine-similarity index (cosphi). Let S;; denote the value-
added share vector for the four technology-intensity manufacturing groups (low, medium-low, medium-high,
and high) for country i in year t, and let S;, denote the structural vector in the base year. Similarity is then
defined as follows:

Sit'Sio

cosphi;, = ———
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)

Where:

e S;: denotes the value-added share vector for the four technology-intensity manufacturing groups for
country i inyear t.
. Sio denotes the corresponding structural vector in the base year.

By definition, cosphi takes values in the interval [0,1]. Lower values of cosphi indicate that the
technological structure in year t is farther from the initial structure, implying a deeper degree of restructuring.
The index is therefore used as a measure of technology-oriented structural distance rather than as an indicator
of the absolute scale of production.

2.3 Heterogeneity and Conditioning Mechanisms: R&D versus FDI

The nonlinear trajectory outlined above does not unfold in a vacuum,; it is conditioned by each economy’s
development position and internal capabilities. Catch-up-cycle arguments suggest that developing economies
operate mainly through technology adoption, learning, and value-chain integration, whereas developed
economies operate closer to frontier-innovation dynamics [9], [14], [16], [29]. This difference in development
position makes it likely that transformation follows different shapes across the two groups. More importantly,
income does not automatically generate structural transformation; it only creates the room for such



International Journal of Contents Vol.22, No.2, Jun. 2026 17

transformation to occur. Whether that room is actually converted into restructuring depends on absorptive
capacity and the innovation base of the economy [20], [30]. In this sense, both endogenous R&D and FDI may
condition the trajectory of technological restructuring, but through different channels. R&D reflects domestic
knowledge creation and accumulation, whereas FDI reflects access to foreign technology, capital, and external
linkages.

Recent empirical studies show that FDI spillovers do not arise automatically, but depend strongly on the
absorptive capacity of firms and domestic production systems [22, 23], [31]. At the same time, a growing body
of evidence suggests that indigenous innovation effort may play a more prominent role in deep catch-up
processes, especially when the objective is not merely to expand production, but to move into more complex
technological structures [21], [32]. The empirical question, therefore, is not whether only one of the two
mechanisms matters, but which mechanism is more salient in altering the shape of the income-cosphi
relationship.

2.4 Empirical Expectations

Building on the theoretical framework above, the study formulates three empirical expectations to be
examined in the results section. First, the relationship between income growth and cosphi is likely to be
nonlinear, generating smooth transition zones rather than a fixed slope or hard breakpoints [18, 19]. Second,
the shape of this curve is expected to differ between developed and developing economies because the two
groups face different transformation mechanisms [9], [14], [16], [29]. Third, endogenous technological
capability, especially R&D, is expected to be the more salient conditioning mechanism, with a stronger capacity
to alter the shape of the technological-transition path than FDI integration alone [20-22], [31, 32].

3. Methodology

3.1 Data and Sample Construction

The study uses a cross-country panel for 2014-2022 to examine the relationship between per capita income
and technological-intensity structural transformation in manufacturing. The main estimation sample contains
482 observations from 65 countries, while an expanded sample of 550 observations from 66 countries is used
for robustness checks. The dependent variable is cosphi, constructed from the cosine similarity between the
technological structure of manufacturing in each observation year and the baseline structure. Due to the inverse
nature of this index, lower values indicate a greater structural distance from the initial composition;
consequently, a negative regression coefficient signifies deeper technological restructuring. It is worth noting
that while cosphi mathematically measures structural distance rather than a unidirectional technological
upgrading, within the context of development and catch-up growth, such significant structural departures are
predominantly driven by shifts toward more advanced technological segments. The main explanatory variable
is GDP per capita in natural logarithms. Baseline controls include FDI, trade openness, tertiary enrollment,
R&D expenditure, high-tech exports, and, where available, the Global Innovation Index (GII).

Table 1. Sample Construction and Coverage

Sample Observations Countries Period Develop‘ed Develop{ng Role in the study
layer economies economies
Main Main sample used
estimation 482 65 2014-2022 342 140 for the core
sample empirical analysis
Expanded sample
Robustness 550 66 2014-2022 373 177 used for sensitivity
sample and robustness
checks

The main sample is used for core estimation, while the expanded sample is used for sensitivity analysis
under broader data coverage. Missing-data handling is intentionally conservative. The study does not interpolate
or extrapolate cosphi. Invalid placeholder values are recoded as missing, and implausible observations are
removed only where clearly necessary. Broader data coverage is used only for robustness checks and does not
replace the main estimation sample.
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3.2 Pre-Estimation Diagnostics and Cross-Sectional Dependence

Before estimating the main models, the study conducts pre-estimation diagnostics to assess cross-sectional
dependence and the time-series properties of the core variables. This step is important because cross-country
panels may be jointly affected by common technological, trade, or macroeconomic shocks, which can weaken
inference based on conventional standard errors [33, 34].

Pesaran’s CD test rejects the null of no cross-sectional dependence for both cosphi and log GDP per
capita, indicating that countries in the sample do not evolve independently. Fisher-type panel ADF tests further
show that cosphi is stationary in levels, whereas log GDP per capita is non-stationary in levels but becomes
stationary after first differencing [35, 36]. The residual-based test is reported only as a supplementary check for
long-run association and is not interpreted as formal cointegration evidence because the key variables display
mixed orders of integration.

Table 2. Pre-estimation Diagnostics

Test Variable Statistic  p-value Conclusion
Pesaran CD cosphi 2.888 0.004 Cross-sectional dependence
Pesaran CD log GDP per capita ~ 81.961 <0.001 Cross-sectional dependence
Fisher ADF (level) cosphi 566.117  <0.001 Stationary
Fisher ADF (level) log GDP per capita  138.619 0.517 Non-stationary
Fis}&?&ggﬂié? st log GDP per capita  634.713  <0.001 Stationary
Residual-.ba.sed long-run FE residuals 525009 <0001 Evidence of long-run association in
association check residuals

Note: Fisher ADF statistics are constructed by combining country-level ADF tests using Fisher’s method. Because the
key variables display mixed orders of integration, the residual-based test is reported only as a supplementary check for
long-run association and is not interpreted as formal cointegration evidence. All static panel models are estimated with

Driscoll-Kraay standard errors.

Given these diagnostics, all static panel models are estimated with Driscoll-Kraay standard errors [34],
[37]. This choice makes inference more robust to cross-sectional dependence, serial correlation, and
heteroskedasticity. At the same time, the analysis retains two-way fixed-effects specifications in levels, because
the paper aims to evaluate the conditional shape of the income—cosphi relationship rather than to estimate a
strict long-run equilibrium parameter. The reported coefficients are therefore interpreted as within-country
conditional associations rather than as formal cointegration estimates.

3.3 Empirical Identification Strategy

Based on the data structure and the pre-estimation diagnostics discussed above, the study implements a
three-step empirical identification strategy. The goal is not to impose a specific functional form on the
relationship between income and technological structural transformation ex ante, but to move from a simple
benchmark specification toward more flexible models in order to assess which type of relationship the data
support more strongly. Accordingly, the paper begins with a linear two-way fixed-effects model as a benchmark,
then turns to a spline specification as the main model for capturing nonlinear structure, and finally uses threshold
models as an interpretive aid for delineating empirically meaningful transition ranges [18, 19], [38].

The overall analytical framework is visually summarized in Figure 1. The flow proceeds in three logical
steps. First, it establishes a linear two-way fixed-effects model as a baseline to test the limits of a simple linear
assumption. Second, it employs a spline fixed-effects specification as the core tool to map the underlying
nonlinear structure. Finally, it incorporates a threshold fixed-effects model not to find absolute structural
breakpoints, but as a supplementary heuristic device to delineate and interpret broad transition zones. This
triangulated approach ensures that conclusions about structural heterogeneity are drawn from robust,
complementary methods.
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Figure 1. Empirical Identification Strategy

3.3.1 Step 1: Two-Way Fixed Effects as the Baseline

The first step in the empirical strategy is to estimate a linear two-way fixed-effects model, in which cosphi
is regressed on per capita income and the baseline control set while absorbing time-invariant country
heterogeneity and common shocks over time. The specification is as follows:

cosphi;; = B1InGDPpc;; +rX;yy +a; + A + &0, 2)

where i indexes countries, t denotes years, X;; is the vector of control variables, a; are country fixed effects,
and A, are year fixed effects.

The role of this model is to provide an initial empirical benchmark for the income-cosphi relationship. In
other words, the linear two-way fixed-effects specification is used to test whether a common income slope is
sufficient to describe the data. If this specification already captures the variation in cosphi well, moving to
nonlinear models would add little explanatory value. Conversely, if the linear model fits poorly or masks
differences across country groups, that provides grounds for moving to more flexible specifications.

3.3.2 Step 2: Fixed-Effects Spline as the Main Specification

After establishing the linear benchmark, the study turns to a fixed-effects spline model as the paper’s main
specification. The reason for centering the analysis on splines is that both the data and the theoretical argument
suggest that the income-cosphi relationship is unlikely to follow a fixed slope across the entire income
distribution. At the same time, imposing a hard-threshold form or a fully segmented structure at the outset would
be too strong relative to the available evidence. In this context, spline models allow the income-cosphi
relationship to vary smoothly and continuously across income ranges without forcing the data to conform to
sharp breakpoints [19], [38].

In general terms, the spline specification can be written as follows:

cosphi;;, =¥M_. 6, B,(InGDPpc;)) + I'X;y +a; + A +&,  (3)

where B,,(.) denotes the spline basis functions constructed from log GDP per capita, and m captures the
number of basis components needed to describe the curvature of the relationship.

Empirically, the study uses restricted cubic splines with knots placed at quantiles of the log GDP per capita
distribution [38] (specifically, the spline is estimated with 4 degrees of freedom; the knots are placed at
approximately the 0%, 33%, 67%, and 100% empirical quantiles of the log GDP per capita distribution in the
main sample, corresponding roughly to 6.59, 9.46, 10.54, and 11.81). The spline is used as a flexible
approximation to the functional form of the income-cosphi relationship rather than as a tool for identifying
discrete thresholds. Within the paper’s strategy, the fixed-effects spline serves as the formal model for
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identifying the underlying nonlinear structure. The central conclusions about nonlinearity are drawn primarily
from this specification, together with comparisons against the linear benchmark and higher-order parametric
models. What matters here is that the spline fixed-effects model is used to map shape, not to claim the existence
of a universal hard income threshold.

3.3.3 Step 3: Threshold Fixed Effects as a Tool for Delineating Transition Zones

After identifying the core nonlinear structure through the spline model, the study uses threshold fixed-
effects models as an additional interpretive step. Here, the role of the threshold model is not to uncover absolute
breakpoints in a strict econometric sense, but to help delineate ranges in the income distribution where the slope
of the relationship may change meaningfully. In other words, threshold fixed effects are used as a heuristic tool
for organizing information from the nonlinear functional form into income regions that are easier to interpret
substantively.

A single-threshold specification can be written as follows:

cosphiy = B1ln GDPpc; 1(In GDPpc;y < T) + Boln GDPpc; 1(In GDPpcyy > ) + I'Xjp +a; + e+ &, (4)

where 7 is the estimated threshold value, and 1(-) is the indicator function. When extended to two thresholds,
the model allows the data to be divided into three income regions with different slopes. In this paper, however,
the estimated thresholds are not interpreted as universal and invariant income cutoffs, but only as suggestive
ranges where the shape of the income-cosphi relationship may change.

Placing the threshold model in the third step and using it only as a supporting device has a clear
methodological rationale. First, it helps the paper avoid over-interpreting threshold cutoffs as decisive structural
discoveries, especially when formal threshold tests do not always provide sufficiently strong evidence for sharp
breakpoints. Second, it ensures that any reported thresholds are read in conjunction with the spline results from
the previous step - that is, as transition zones rather than as evidence of a hard-threshold mechanism. Threshold
fixed effects are therefore used for interpretation, not for identifying the core structure of the paper. In short,
the empirical identification strategy proceeds in three steps: a linear benchmark model, a fixed-effects spline
model to identify the main nonlinear structure, and a threshold fixed-effects model to delineate transition zones
in a supplementary interpretive sense. This design allows the paper to maintain methodological discipline while
avoiding overly strong claims about hard thresholds and staying closer to what the current evidence actually
supports.

3.4 Statistical Inference and Model-Comparison Criteria

Because the panel exhibits cross-sectional dependence, all static models are estimated with Driscoll-Kraay
standard errors [34], [37]. This choice provides more reliable inference in the presence of cross-sectional
dependence, serial correlation, and heteroskedasticity, all of which are common in cross-country panel data.

Model evaluation is based on a combination of statistical significance and model fit. The paper considers:
(1) the significance of nonlinear components, (ii) the stability of signs and functional shapes across sample layers
and country groups, and (iii) model-selection criteria that penalize complexity. Under this approach, a model is
not preferred simply because it is more flexible, but because it provides a better description of the data after the
cost of added complexity is taken into account.

For model comparison, the paper uses AIC, BIC, and RMSE [39, 40]. AIC and BIC are prioritized because
they penalize additional parameters, whereas RSS tends to mechanically favor more flexible specifications.
RMSE is retained as a supplementary indicator of in-sample prediction error. A model is treated as relatively
preferred only when it improves penalized fit, shows meaningful nonlinear structure under Driscoll-Kraay
inference, and yields a reasonably stable implied shape across alternative samples and country groups.

4. Data and Empirical Results

4.1 Descriptive Statistics and Preliminary Patterns

This section summarizes the main features of the data and uses LOWESS plots to provide an initial view
of the relationship between income and technological structural transformation before turning to formal
regression analysis. The purpose is descriptive: to assess whether the raw data are consistent with a simple
linear relationship or instead suggest heterogeneity and nonlinearity across country groups.
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Table 3. Descriptive Statistics

Variable Full sample Full sample Developed Developed Developing Developing

mean SD mean SD mean SD
cosphi 0327 0.090 0.300 0.054 0394 0.120
Gc?; P 29302737 24863884 37514163 24454194 9243396 10052639
log GDP per 9.840 1.066 10.300 0.736 8.716 0.899
capita
FDI 9.280 51.768 11.532 61.254 3.780 5.105
Trade 107.015 64.784 115.265 72.348 86.859 33.254
Opemless
Tertiary 67.848 22.768 74.972 21.092 50.445 16.508
enrollment
R&D 1.444 1.149 1794 0.970 0.591 1.107
expenditure
High-tech 14.849 10.591 16.224 9.269 11.489 12.702
exports
GII 44,583 10.404 48.786 8.573 34315 6.681

Table 3 shows clear differences between developed and developing economies, not only in income levels
but also in indicators of technological and innovation capacity such as R&D expenditure, high-technology
exports, and the GII. These differences suggest from the outset that a single common income slope may not
adequately describe the full sample.

Figure 2 plots the LOWESS relationship between log GDP per capita and cosphi for the full sample and
for the two country groups separately. The smoothed curves do not follow a stable linear pattern. Instead, the
slope changes across income ranges and differs between developed and developing economies, indicating that
the relationship between income and cosphi is unlikely to be uniform over the distribution.

Full sample Developed economies Developing economies

07

06

cosphi

04

03 ’\/\N A

0.2

0 20000 40000 60000 80000 100000 120000 140000 O 20000 40000 60000 80000 100000 120000 140000 O 10000 20000 30000 40000 50000
GDP per capita (US$) GDP per capita (US$) GDP per capita (USS$)

Figure 2. LOWESS Relationship between Income and cosphi

The LOWESS plots also indicate that developing economies display more visible variation across income
ranges, while the curve for developed economies is flatter in some regions and changes more gradually. Although
these patterns are purely descriptive and do not yet control for other covariates or fixed effects, they provide an
important preliminary signal: the raw income—cosphi relationship is not stably linear. Taken together, Table 3
and Figure 2 suggest two points that motivate the next sections: substantial heterogeneity across country groups
and preliminary evidence of nonlinearity in the income—technological transformation relationship.

4.2 The Failure of the Linearity Assumption: Evidence from the Baseline Fixed-Effects Model

After documenting the preliminary patterns in the raw data, the next step is to assess whether a linear two-
way fixed-effects specification is sufficient to characterize the relationship between income and technological
structural transformation. In this paper, the baseline linear model is used only as an empirical benchmark against
which more flexible nonlinear specifications are evaluated.
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Table 4. Baseline Linear Two-way Fixed Effects Estimates

Variable Full sample Developed economies Developing economies
log GDP per capita ~ -0.042%*** -0.050%** -0.036**
(<0.001) (<0.001) (0.013)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
DK-SE Yes Yes Yes
Observations 482 342 140
Countries 65 42 23
Within R? 0.026 0.017 0.030

Note: * p<0.10, ** p < 0.05, *** p <0.01.

Table 4 shows that log GDP per capita carries a negative and statistically significant coefficient in the full
sample as well as in both country groups. This indicates that, within countries and after controlling for country
and year fixed effects, higher income is associated with lower values of cosphi. Regarding the control variables
across all specifications, indicators such as trade openness, tertiary enrollment, and the Global Innovation Index
(GII) generally exhibit expected signs but show varying degrees of statistical significance across different
country groups. This variation is theoretically highly informative: it suggests that while human capital, global
integration, and general innovation environments are essential macroeconomic foundations, their direct
conversion into deep technological-intensity restructuring is not automatic. Instead, their effects are highly
context-dependent and are likely mediated by the nonlinear dynamics of income and specific domestic
capabilities, which justifies a deeper mechanism analysis.

At the same time, the baseline linear specification captures only an average conditional slope. Given its
limited within-R? and its assumption of a constant slope within each sample, it is unlikely to represent the full
shape of the income—cosphi relationship. Read together with the descriptive evidence and LOWESS patterns
reported in section 4.1, the results suggest that a common linear slope is too restrictive.

The role of the baseline model is therefore diagnostic rather than definitive. It establishes that the average
association between income and cosphi is negative, but it does not determine whether that relationship is stable
across the income distributio n or common across country groups. The next section therefore turns to nonlinear
specifications to evaluate whether a more flexible functional form provides a better description of the data.

4.3 Mapping the Nonlinear Structure: Shape Evidence from the Spline Fixed-Effects Model

Having shown in section 4.2 that the baseline linear fixed-effects model captures only an average
conditional slope in the income—cosphi relationship, the next step is to examine its shape using a more flexible
specification. In this paper, the spline fixed-effects model serves as the main tool for mapping nonlinear
structure, because it allows the slope of the relationship to vary smoothly across the income distribution.

Table 5. Model Comparison across Nonlinear Specifications

Adj. Nonlinear

Dataset  Sample  rreferred 4o BIC  RMSE  within  Wald
model R? p-value
Full sample  Cubic FE  -2169.814  -2132.213  0.0250  0.0285 0.003
Verified ~ Developed i BE 1563.873  -1529360  0.0240  0.0148 0.032
main economl.es :
Developing  Quadratic ¢, 1 076 591443 00254 00476  <0.001
economies FE
Full sample  Linear FE  -2510.870  -2480.700  0.0244  0.0154 —
Version ~ Developed  Quadratic 715 53 j6e1 181 00238 0.0098 0.149
robustness economies FE
Developing

. Cubic FE -802.948 -774.363 0.0238 0.0321 <0.001
economies
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Table 5 compares linear and nonlinear specifications across sample definitions and country groups. The
results show that nonlinear models improve the description of the data in several cases, especially in the main
estimation sample. In that sample, cubic fixed effects are preferred for the full sample and for developed
economies, whereas quadratic fixed effects are preferred for developing economies. In the expanded sample,
however, the preferred specification varies across groups, and linear fixed effects become more competitive in
the pooled regression. The implication is not that one nonlinear form dominates in every configuration, but that
the relationship is unlikely to be adequately described by a single common linear slope.

To examine functional shape more directly, Figure 3 plots the spline partial effects with 95% confidence
bands for the full sample and for the two country groups separately.

Full sample Developed economies Developing economies

Spline-based fitted relationship with cosphi

7 8 9 10 1" 12 8 9 10 1" 12 T 8 9 10 1"
log GDP per capita log GDP per capita log GDP per capita

Figure 3. Spline Partial Effects with 95% Confidence Bands

Figure 3 shows that the income—cosphi relationship is nonlinear and differs across country groups. For
the full sample and for developed economies, the spline curve tends to decline as income rises and becomes
more strongly negative in the upper-income range. For developing economies, by contrast, the curve is more
mildly nonlinear, declining through the low-to-middle range before turning slightly upward near the upper tail.
Although the confidence bands widen at the extremes, especially for developing economies, the overall pattern
remains inconsistent with a stable linear slope.

Taken together, Table 5 and Figure 3 support two conclusions. First, a common linear slope is too
restrictive to characterize the income—cosphi relationship. Second, the nonlinear shape is heterogeneous across
country groups. These results provide the basis for the next section, where threshold fixed-effects models are
used as a supplementary device for organizing the nonlinear pattern into broader transition ranges.

4.4 Heterogeneity across Country Groups and Transition Zones

The spline results in the previous section show that the income—cosphi relationship is nonlinear, but also
that its shape differs across country groups. This raises two related questions: whether the relationship follows
different trajectories in developed and developing economies, and whether the observed variation should be
interpreted as sharp regime breaks or as broader transition zones.

The spline curves suggest clear heterogeneity. In developed economies, the relationship becomes more
clearly negative at higher income levels, indicating continued technological reorientation even in the upper-
income range. In developing economies, by contrast, the curve is more mildly nonlinear, with stronger
movement in the lower and middle parts of the income distribution and a weaker pattern near the top. The
difference between the two groups therefore lies not only in average income levels, but also in the shape of the
restructuring path itself.

To organize these nonlinear patterns more clearly, the paper next estimates threshold fixed-effects models.
Their role here is limited: they are not used to identify exact structural income thresholds, but to provide a
supplementary way of describing broader transition ranges in the income distribution.
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Table 6. Threshold FE Estimates and Formal Threshold Tests

Panel A. Threshold Estimates

Threshold 1 (USD  Threshold 2 (USD Regime 1 Regime 2 Regime 3

Sample per capita) per capita) slope slope slope
Full sample 32,653 53,996 -0.030 0.014 -0.070
Developed 50,566 61,627 -0.030 0.060 -0.104
economies
Developing 2,578 12,715 0.007 0.035 0.088
economies

Panel B. Formal Threshold Tests for Sharp Breaks
Sample Test LR statistic Bootstrap p-value
Single threshold vs. no threshold 12.481 0.840
Full sample
Two thresholds vs. one threshold 1.247 0.827
) Single threshold vs. no threshold 14.350 0.654
Developed economies
Two thresholds vs. one threshold 0.956 0.802
) . Single threshold vs. no threshold 5.829 0.443
Developing economies
Two thresholds vs. one threshold 2.392 0.770

Table 6 shows that the estimated transition markers differ substantially across country groups. In
developed economies, the implied cutoffs appear at much higher income levels than in developing economies,
whereas in developing economies they arise much earlier in the distribution. At the same time, Hansen’s
bootstrap tests do not provide strong support for sharp threshold effects. The relatively high p-values in both
the one-threshold and two-threshold tests indicate that the data do not support a strong interpretation in terms
of precise or universal breakpoints. The estimated cutoffs should therefore be read as descriptive transition
markers rather than exact structural thresholds.

Taken together, the spline and threshold results are more consistent with smooth and heterogeneous
transition zones than with hard regime breaks. Threshold FE does not replace the spline evidence; it simply
reorganizes the nonlinear pattern into broader income ranges that are easier to interpret substantively. The
evidence in this section therefore supports two conclusions: the income- cosphi relationship differs
meaningfully between developed and developing economies, and the relevant income ranges should be
interpreted as heuristic transition zones rather than sharp structural thresholds.

4.5 Mechanisms of the Transition Zones

The previous sections show that the income—cosphi relationship is nonlinear and heterogeneous across
country groups. A natural next question is whether this nonlinear structure is itself conditioned by the
technological environment of the economy. To examine this possibility, the paper extends the spline fixed-
effects model by interacting the spline basis of log GDP per capita with two mechanism variables, namely R&D
expenditure and FDI. These interaction models are used to test whether the nonlinear shape identified earlier
changes systematically with the economy’s innovation capability and degree of foreign-capital integration.

Table 7. Mechanism-Conditioned Spline Models

Specification item Spline x R&D Spline x FDI
Joint test of interaction terms (p-value) 0.001 <0.001
AIC -2169.149 -2160.810
BIC -2114.836 -2106.497
AAIC relative to baseline spline -3.354 4.985
ABIC relative to baseline spline 9.180 17.518

RMSE 0.02482 0.02504
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Table 7 shows that the spline interaction terms are jointly significant in both the R&D and FDI
specifications. However, the evidence is stronger for R&D. In the R&D case, the interaction model combines
strong joint significance with an improvement in AIC relative to the baseline spline specification, indicating
that endogenous innovation capability meaningfully conditions the nonlinear relationship. By contrast, although
the FDI interactions are also jointly significant, the improvement in model fit is weaker. This difference is also
visible in Figure 4, which plots the estimated income—cosphi relationship at low, median, and high levels of
R&D. The figure shows that the shape of the relationship varies substantially with R&D intensity: at low R&D
levels, cosphi starts higher and declines more sharply in the upper-income range; at median levels, the curve
is flatter through the middle of the distribution; and at high R&D levels, the curve starts lower, rises through
the low-to-middle range, and then declines again at higher income levels. The implication is that income does
not operate through a universal restructuring path, but through a path conditioned by the economy’s endogenous
innovation capability.

Panel A. Low / Median / High R&D
0.6

Low
== Median
0.5 == High

0.4

0.3

0.2

Estimated cosphi

0.1

log GDP per capita
Figure 4. R&D-Conditioned Nonlinear Relationship between Income and cosphi

Taken together, the mechanism analysis suggests that the income—cosphi relationship is not only
nonlinear and heterogeneous across country groups, but also conditional on the technological environment of
the economy. Among the mechanisms considered, R&D provides stronger evidence than FDI that
technological-intensity structural transformation depends on the ability to convert income growth into deeper
technological restructuring. FDI still appears relevant, but its role is better interpreted as supplementary rather
than central.

4.6 Robustness of the Results

To assess the credibility of the main findings, the paper conducts three robustness checks: sensitivity to
sample construction, comparison between balanced and unbalanced panels, and a supplementary dynamic check
using Difference GMM. The purpose is not to identify a single model that dominates in every configuration,
but to examine whether the paper’s central narrative of heterogeneous nonlinearity remains intact under
alternative sample structures and estimation settings.
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Table 8. Robustness to Sample Construction

Sample Preferred model AIC BIC RMSE

Main estimation sample / full sample Cubic FE -2169.814 -2132.213 0.02501

Main estimation sample / developed Cubic FE 1563.873  -1529360  0.02395
economies

Main estimation sample /developing o qratic FE 614976 -591443 002541
economies

Expanded sample / full sample Linear FE -2510.870 -2480.700 0.02437

Expanded sample / developed economies Quadratic FE -1712.553 -1681.181 0.02385

Expanded sample / developing Cubic FE -802.948 774363  0.02380
economies

Table 8 shows that nonlinear evidence is stronger in the main estimation sample than in the expanded
sample. In the main sample, cubic fixed effects are preferred for the full sample and for developed economies,
while quadratic fixed effects fit better for developing economies. In the expanded sample, by contrast, linear
fixed effects become more competitive in the pooled regression, and subgroup results are less uniform. This
suggests that broader observational coverage does not remove the nonlinear signal altogether, but tends to
weaken or diffuse it in pooled specifications. Additional checks using balanced panels do not overturn this
pattern: the nonlinear structure remains broadly present, although the preferred functional form varies across
sample versions. Taken together, these results indicate that sample construction matters for the clarity of the
estimated relationship, but not in a way that reverses the paper’s main conclusions.

Difference GMM is reported only as a supplementary dynamic check and is not used as a basis for the
main inference. Although the dynamic specifications continue to suggest nonlinearity, diagnostic quality is
uneven across samples, particularly because the pooled model yields a weak J-test result and the developing-
country model shows an AR(2) problem. The dynamic evidence therefore does not replace the static fixed-
effects results, but neither does it contradict the broader nonlinear pattern identified in the main analysis. Overall,
the robustness checks reinforce three points: nonlinear evidence is strongest in the main estimation sample, the
core pattern remains broadly present under alternative panel constructions, and the paper’s central conclusions
continue to rest on the static fixed-effects framework and complexity-penalized model comparison

5. Policy Implications

The empirical results suggest that technological-intensity structural transformation should not be
understood as an automatic consequence of income growth or as a process governed by universal income
thresholds. Instead, the evidence is more consistent with a conditional and heterogeneous transition process in
which the effect of income depends on innovation capability, absorptive capacity, and stage of development.
The policy implication is therefore not that countries simply need to reach a particular income level, but that
they need the institutional and technological conditions that allow income growth to be translated into deeper
restructuring.

For developing economies, the central policy priority is to strengthen the capacity to convert growth into
substantive technological upgrading. The results indicate that these economies move through transition zones
earlier in the income distribution, but that these zones do not guarantee automatic upgrading. Policy should
therefore focus on higher education, R&D effort, absorptive capability, and production linkages that support
movement into more technology-intensive segments. The mechanism results further suggest that endogenous
innovation capability matters more than FDI alone, implying that foreign-capital attraction is unlikely to be
sufficient unless it is combined with domestic capability building.

For developed economies, the challenge is different. High income does not imply that technological
restructuring is already complete or that it will continue automatically. Instead, the evidence points to continued
restructuring in the upper-income range, but under conditions shaped by innovation-system quality, frontier
R&D, and the ability to avoid structural inertia. Policy should therefore focus on sustaining advanced innovation
ecosystems and renewing technological momentum rather than assuming that existing advantage will persist on
its own. Taken together, the broader lesson of the paper is that industrial and innovation policy should be stage-
sensitive and capability-sensitive, not organized around a “magic income threshold.”
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6. Conclusion

This paper examines whether the relationship between income and technological-intensity structural
transformation in manufacturing is better described by a common linear slope, a hard income threshold, or a
heterogeneous nonlinear structure across country groups. Using country-year panel data for 2014-2022, the
analysis shows that a linear specification captures only an average conditional association and is insufficient to
describe the full shape of the relationship between income and cosphi.

Three main findings emerge. First, nonlinear evidence is stronger in the main estimation sample than in
the expanded sample, indicating that sample construction and data quality materially affect the clarity of the
estimated relationship. Second, spline results show that the income—cosphi relationship is not stably linear and
differs substantially between developed and developing economies. Third, threshold estimates are best
interpreted as heuristic transition markers rather than as sharp structural breakpoints, because Hansen’s
bootstrap tests do not provide strong support for hard thresholds.

The paper’s broader contribution is therefore not to identify a new income cutoff, but to reframe the
income—structural transformation relationship as one characterized by heterogeneous transition zones. The
results also indicate that this nonlinear structure is conditional rather than universal: R&D appears to be the
more salient conditioning mechanism, while FDI plays a more limited supplementary role. Income should thus
be understood not as a stand-alone force, but as one whose restructuring effect depends on each economy’s
technological and innovation capability.

Several limitations should be acknowledged. The observation window remains relatively short for a topic
involving structural and technological change, the results show some sensitivity to sample structure, and the
mechanism analysis is limited to a narrow set of conditioning variables. Future research could extend the time
dimension, develop richer measures of technological capability, and examine more closely the roles of
innovation institutions, FDI composition, and global production-network positioning. Even so, the current
evidence supports the view that technological-intensity structural transformation is best understood as a
nonlinear, heterogeneous, and conditional process rather than as a common straight line or a set of universal
hard thresholds.

Conflicts of Interest: The authors declare no conflict of interest.

References

[1T  W. A. Lewis, “Economic development with unlimited supplies of labour,” The Manchester School, vol. 22, no. 2, pp.
139-191, May. 1954, doi: http://dx.doi.org/10.1111/1.1467-9957.1954.tb00021.x.

[2] S. Kuznets, Modern Economic Growth: Rate, Structure, and Spread. New Haven, CT, USA: Yale University Press,
1966.

[3] H.B. Chenery and M. Syrquin, Patterns of Development, 1950-1970. London, U.K.: Oxford University Press for the
World Bank, 1975.

[4] J. Imbs and R. Wacziarg, “Stages of diversification,” American Economic Review, vol. 93, no. 1, pp. 63—86, Mar.
2003, doi: http://dx.doi.org/10.1257/000282803321455160.

[5] D. Gollin and J. P. Kaboski, “New views of structural transformation: Insights from recent literature,” Oxford
Development Studies, vol. 51, no. 4, pp. 339-361, 2023, doi: http://dx.doi.org/10.1080/13600818.2023.2280748.

[6] D. Gollin, “Agricultural productivity and structural transformation: Evidence and questions for African development,”
Oxford Development Studies, vol. 51, no. 4, pp- 375-396, 2023, doi:
http://dx.doi.org/10.1080/13600818.2023.2280638.

[71 D. Lagakos and M. Shu, “The role of micro data in understanding structural transformation,” Oxford Development
Studies, vol. 51, no. 4, pp. 436-454, 2023, doi: http://dx.doi.org/10.1080/13600818.2023.2278601.

[8] M. Lautier, “Manufacturing still matters for developing countries,” Structural Change and Economic Dynamics, vol.
70, pp. 168—177, Sep. 2024, doi: http://dx.doi.org/10.1016/j.strueco.2024.02.002.

[91 United Nations Industrial Development Organization, Industrial Development Report 2024: Turning Challenges into
Sustainable Solutions—The New FEra of Industrial Policy. Vienna, Austriaz UNIDO, 2024, doi:
http://dx.doi.org/10.18356/2¢235dd9-en.

[10] T. Hatzichronoglou, “Revision of the high-technology sector and product classification,” OECD Science, Technology
and Industry Working Papers, no. 1997/02, Paris, France: OECD Publishing, 1997, doi:
http://dx.doi.org/10.1787/134337307632.




International Journal of Contents Vol.22, No.2, Jun. 2026 28

[11]

[12]

[13]

[14]

[13]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

(23]

[26]

[27]

(28]

[29]

[30]

[31]

(32]

S. Lall, “The technological structure and performance of developing country manufactured exports, 1985-98,” Oxford
Development Studies, vol. 28, no. 3, pp. 337-369, 2000, doi: http://dx.doi.org/10.1080/713688318.

C. A. Hidalgo, B. Klinger, A. L. Barabasi, and R. Hausmann, “The product space conditions the development of
nations,” Science, vol. 317, no. 5837, pp. 482—487, Jul. 2007, doi: http://dx.doi.org/10.1126/science.114458]1.

P. A. Balland, T. Broekel, D. Diodato, E. Giuliani, R. Hausmann, N. O’Clery, and D. Rigby, “The new paradigm of
economic complexity,” Research Policy, vol. 51, no. 3, Art. no. 104450, Apr. 2022, doi:
http://dx.doi.org/10.1016/j.respol.2021.104450.

World Intellectual Property Organization, World Intellectual Property Report 2024: Making Innovation Policy Work
for Development. Geneva, Switzerland: WIPO, 2024, doi: http://dx.doi.org/10.34667/tind.49284.

S. A. Cameli, “A complexity economics framework for 21st-century industrial policy,” Structural Change and
Economic Dynamics, vol. 64, pp. 168—178, Mar. 2023, doi: http://dx.doi.org/10.1016/j.strueco.2022.11.007.

United Nations Conference on Trade and Development, The Least Developed Countries Report 2025: Are Services
the New Path to Structural Transformation? Geneva, Switzerland: UNCTAD, 2026, doi:
http://dx.doi.org/10.18356/9789211594416.

D. Rodrik, “Premature deindustrialization,” Journal of Economic Growth, vol. 21, no. 1, pp. 1-33, Mar. 2016, doi:
http://dx.doi.org/10.1007/s10887-015-9122-3.

B. E. Hansen, “Threshold effects in non-dynamic panels: Estimation, testing, and inference,” Journal of Econometrics,
vol. 93, no. 2, pp. 345-368, Dec. 1999, doi: http://dx.doi.org/10.1016/S0304-4076(99)00025-1.

A. Gonzdlez, T. Terésvirta, and D. van Dijk, “Panel smooth transition regression models,” SSE/EFI Working Paper

Series in Economics and Finance, no. 604, Stockholm School of Economics, Stockholm, Sweden, 2005. [Online]
Available: https://swopec.hhs.se/hastef/papers/hastef0604.pdf

W. M. Cohen and D. A. Levinthal, “Absorptive capacity: A new perspective on learning and innovation,”
Administrative Science Quarterly, vol. 35, no. 1, pp. 128-152, Mar. 1990, doi: http://dx.doi.org/10.2307/2393553.
T. Li and D. Du, “Cross-border R&D, absorptive capacity and innovation performance,” Structural Change and
Economic Dynamics, vol. 73, pp. 460-471, Jun. 2025, doi: http://dx.doi.org/10.1016/].strueco.2025.02.010.

B. Hoekman, M. Sanfilippo, and M. Tambussi, “Foreign direct investment and structural transformation in Africa,”
The World Bank Economic Review, vol. 40, no. 2, pp. 255276, May. 2026, doi:
http://dx.doi.org/10.1093/wber/lhaf009.

L. Baccini, M. Fiorini, B. Hoekman, and M. Sanfilippo, “Services, jobs, and economic development in Africa,” The
World Bank Research Observer, vol. 38, no. 1, pp. 147-178, Feb. 2023, doi: http://dx.doi.org/10.1093/wbro/lkac006.
D. Herrendorf, R. Rogerson, and A. Valentinyi, “Growth and structural transformation,” in Handbook of Economic
Growth, vol. 2, P. Aghion and S. N. Durlauf, Eds. Amsterdam, The Netherlands: Elsevier, 2014, pp. 855-941, doi:
http://dx.doi.org/10.1016/B978-0-444-53540-5.00006-9.

M. P. Timmer, G. J. de Vries, and K. de Vries, “Patterns of structural change in developing countries,” in Routledge
Handbook of Industry and Development, J. Weiss and M. Tribe, Eds. London, U.K.: Routledge, pp. 65-83, 2015.
[Online] Available: https://www.rug.nl/ggdc/html_publications/memorandum/gd149.pdf

F. Tregenna, “Deindustrialisation, structural change and sustainable economic growth,” Inclusive and Sustainable
Industrial Development Working Paper Series, Working Paper 2/2015, United Nations Industrial Development
Organization, Vienna, Austria, 2015. [Online] Available: https://www.unido.org/

A. Tacchella, M. Cristelli, G. Caldarelli, A. Gabrielli, and L. Pietronero, “A new metrics for countries’ fitness and
products’ complexity,” Scientific Reports, vol. 2, Art. no. 723, Oct. 2012, doi: http://dx.doi.org/10.1038/srep00723.
R. Hausmann, C. A. Hidalgo, S. Bustos, M. Coscia, S. Chung, J. Jimenez, A. Simoes, and M. A. Yildirim, The Atlas
of Economic Complexity: Mapping Paths to Prosperity. Cambridge, MA, USA: MIT Press, 2014, doi:
http://dx.doi.org/10.7551/mitpress/9647.001.0001.

K. Lee and F. Malerba, “Catch-up cycles and changes in industrial leadership: Windows of opportunity and responses

of firms and countries in the evolution of sectoral systems,” Research Policy, vol. 46, no. 2, pp. 338-351, Mar. 2017,
doi: http://dx.doi.org/10.1016/j.respol.2016.09.006.

S. Lall, “Technological capabilities and industrialization,” World Development, vol. 20, no. 2, pp. 165-186, Feb. 1992,
doi: http://dx.doi.org/10.1016/0305-750X(92)90097-F.

N. Crespo and M. P. Fontoura, “Determinant factors of FDI spillovers—What do we really know?” World
Development, vol. 35, no. 3, pp. 410425, Mar. 2007, doi: http://dx.doi.org/10.1016/j.worlddev.2006.04.001.

X. Fu, C. Pietrobelli, and L. Soete, “The role of foreign technology and indigenous innovation in the emerging

economies: Technological change and catching-up,” World Development, vol. 39, no. 7, pp. 1204-1212, Jul. 2011,
doi: http://dx.doi.org/10.1016/j.worlddev.2010.05.009.




International Journal of Contents Vol.22, No.2, Jun. 2026 29

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

M. H. Pesaran, “General diagnostic tests for cross-sectional dependence in panels,” Empirical Economics, vol. 60, no.
1, pp. 13-50, Jan. 2021, doi: http://dx.doi.org/10.1007/s00181-020-01875-7.

J. C. Driscoll and A. C. Kraay, “Consistent covariance matrix estimation with spatially dependent panel data,” The
Review of Economics and Statistics, vol. 80, mno. 4, pp. 549-560, Nov. 1998, doi:
http://dx.doi.org/10.1162/003465398557825.

G. S. Maddala and S. Wu, “A comparative study of unit root tests with panel data and a new simple test,” Oxford
Bulletin of Economics and Statistics, vol. 61, no. S1, pp. 631-652, Nov. 1999, doi: http://dx.doi.org/10.1111/1468-
0084.0610s1631.

1. Choi, “Unit root tests for panel data,” Journal of International Money and Finance, vol. 20, no. 2, pp. 249-272, Apr.
2001, doi: http://dx.doi.org/10.1016/S0261-5606(00)00048-6.

D. Hoechle, “Robust standard errors for panel regressions with cross-sectional dependence,” The Stata Journal, vol.
7, no. 3, pp. 281-312, Sep. 2007, doi: http://dx.doi.org/10.1177/1536867X0700700301.

F. E. Harrell, Jr., Regression Modeling Strategies: With Applications to Linear Models, Logistic and Ordinal
Regression, and Survival Analysis, 2nd ed. Cham, Switzerland: Springer, 2015, doi: http://dx.doi.org/10.1007/978-3-
319-19425-7.

H. Akaike, “A new look at the statistical model identification,” IEEE Transactions on Automatic Control, vol. AC-
19, no. 6, pp. 716-723, Dec. 1974, doi: http://dx.doi.org/10.1109/TAC.1974.1100705.

G. Schwarz, “Estimating the dimension of a model,” The Annals of Statistics, vol. 6, no. 2, pp. 461-464, Mar. 1978,
doi: http://dx.doi.org/10.1214/a0s/1176344136.

® © 2026 The Author(s). Copyright remains with the author(s). This article is published by The
‘@ | Korea Contents Association under the Creative Commons Attribution 4.0 International License

(CC BY 4.0): https://creativecommons.org/licenses/by/4.0/



