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Abstract

This study examines the relationship between digital technology adoption and labor productivity among Thai
enterprises, using the World Bank Enterprise Survey (WBES) Thailand 2025 (813 firms). We estimate log labor-
productivity equations using OLS and Quantile Regression (Q10—-Q90), decomposing digital adoption into three
pillars: Infrastructure (D1), Transaction (D2), and Integration (D3). The aggregate Digital Total Score is positively
associated with labor productivity ([3 = 0.119, p < 0.01), equivalent to a 12.6 percent difference per one-point
increase. This association varies across the productivity distribution: lower-to-middle quantile firms (Q10-Q50)
associate more strongly with basic infrastructure, while upper-quantile firms (Q75-Q90) associate more strongly
with integration — a digital-ladder-type pattern interpreted cautiously given the cross-sectional data. The
interaction between the digital score and firm size is negative and significant (B = —0.083, p < 0.01), indicating
a comparatively stronger association among smaller firms. As the data are cross-sectional, findings should be
read as associations rather than causal effects. Results carry policy relevance for Thailand's digital transition,
suggesting differentiated support instruments matched to firms' productivity position may outperform a uniform
approach. The paper contributes by decomposing digital adoption into three pillars and documenting

heterogeneous digital-productivity associations across the distribution.
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1. Introduction

The transition to a digital economy has emerged as a key driver of firm-level labor productivity
over the past two decades in both advanced and developing countries. Microeconomic evidence
consistently shows that investments in information and communication technology (ICT) raise
firm productivity in meaningful ways. Brynjolfsson and Hitt (1996) were among the first to
document that the gross marginal product of computer capital averaged approximately 81
percent among large U.S. firms, effectively resolving the "IT productivity paradox" at the firm
level. Subsequent evidence has reinforced this conclusion for both labor productivity and total
factor productivity across measurement approaches and country settings (Cardona, Kretschmer,
& Strobel, 2013; Oduro, De Nisco, & Mainolfi, 2023). In the aftermath of the COVID-19
pandemic, digital adoption accelerated sharply across many economies. Jaumotte et al. (2023)
document that firms with higher pre-pandemic digitalization levels maintained productivity and
hours worked more effectively during the crisis and recovered more strongly afterwards.

Thailand is in the midst of a consequential digital transition under the Thailand 4.0 strategy and
its broader path toward high-income status. The World Bank's Thailand Economic Monitor
(World Bank, 2025) notes that while mobile internet access is now nearly universal, substantial
gaps remain in fixed broadband penetration, advanced digital skills, and data-center
infrastructure for enterprises. The most recent Digital Density Survey conducted by the Digital
Economy Promotion Agency (depa, 2025) finds that seventy percent of sampled industrial firms
sit at Industry 2.0, still distant from the Industry 4.0 target that policy seeks to reach within five
years. These trajectories imply that the 2025 data collection window captures Thai enterprises
in a transitional phase, where measuring digital adoption carries particular policy salience.

The broader literature on digital adoption in developing countries consistently reports a positive
link with firm productivity. Cusolito, Lederman, and Pefia (2020) use WBES data from 82
developing economies and estimate median TFP premiums of 1.6 percent for email adoption
and 2.2 percent for website adoption. Commander, Harrison, and Menezes-Filho (2011) report
similar findings for Brazil and India, emphasizing that institutional context and infrastructure
quality moderate the intensity of the effect. At the ASEAN level, Guindo and Harjito (2025)
show that the digital-productivity relationship differs structurally between catching-up
ASEAN-10 economies and more advanced ASEAN-6 economies that include Thailand, where
frontier innovation increasingly drives productivity. For Thai small and medium enterprises
specifically, Jongwanich and Kohpaiboon (2025) find that transactional digital uses — e-
commerce, online purchasing, and digital payments — deliver significant performance gains,
whereas mere internet access without commercial integration yields limited benefits.

Much of the existing literature, however, measures digital adoption as a single aggregate or a
binary indicator and focuses on average effects. A growing recent strand suggests that the
effects of digital technologies are distributed unevenly across the population of firms. Gomez-
Bengoechea and Jung (2024) present evidence of a "Matthew Effect” in which more productive
firms extract larger gains from digitalization than less productive firms, thereby widening
productivity dispersion. Gal et al. (2019) document a parallel pattern across EU economies,
showing that effects concentrate among high-productivity firms and weaken in the presence of
skill shortages. These findings motivate methodological approaches that explicitly examine the
conditional distribution of outcomes — most prominently Quantile Regression (Koenker &
Bassett, 1978; Koenker & Hallock, 2001) — to uncover heterogeneity that mean-based OLS
regressions obscure.
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An important gap in the current literature is the absence of studies that decompose digital
adoption into pillars reflecting a developmental ladder of digital maturity and simultaneously
test effect heterogeneity across the productivity distribution in a developing-country context.
The "technology ladder" framework articulated by Cirera and Maloney (2017) proposes that
firm-level technology adoption proceeds through ordered stages — from basic infrastructure,
through operational use, to frontier integration — each demanding progressively greater
internal capabilities. Bringing this conceptual framework to firm-level data from Thailand and
testing it through a quantile-based empirical design represents an opportunity to make both a
theoretical and an empirical contribution that carries direct policy relevance.

This paper therefore pursues three objectives. First, to estimate the overall relationship between
digital adoption and labor productivity in Thai enterprises. Second, to examine the
heterogeneous effects of three digital pillars — Infrastructure, Transaction, and Integration —
on productivity. Third, to test effect heterogeneity across the productivity distribution using
Quantile Regression. The study draws on the WBES Thailand 2025, covering 813 firms in the
first wave capturing the post-pandemic structural shift in Thailand's digital economy. The
remainder of the paper is organized as follows. Section 2 reviews the literature. Section 3 details
the data and methodology. Section 4 presents the empirical results. Section 5 discusses the
findings in light of the literature. Section 6 concludes with policy implications.

2. Literature Review

2.1 Digital Adoption and Firm Productivity: Theoretical Foundations and
Empirical Evidence

Brynjolfsson and Hitt (1996) pioneered the resolution of the IT productivity paradox at the firm
level. Using data on 367 large U.S. firms between 1987 and 1991, they estimated that the gross
marginal product of computer capital averaged 81 percent, matching or exceeding the marginal
product of other forms of capital. Their subsequent work (Brynjolfsson & Hitt, 2000) extended
this conclusion by arguing that the full productivity value of IT emerges only when firms co-
invest in complementary organizational assets — business process redesign, decentralized
decision rights, and worker skill upgrading. This complementarity framework now forms the
conceptual foundation of contemporary work on the digital economy and firm productivity.

Cross-study evidence converges on the same direction of effect. Cardona et al. (2013) provide
a comprehensive survey of the empirical ICT-productivity literature and conclude that effects
are positive on balance, though with considerable variation across measurement methods,
sectors, and country contexts. More recently, Oduro et al. (2023) synthesize 109 studies
covering over 1.3 million observations between 2006 and 2021 and report that digital
technologies — including artificial intelligence, big data analytics, the Internet of Things, and
3D printing — exert a moderate positive effect on firm performance overall. Effects on
innovation performance are the largest, followed by operational efficiency, with financial
performance showing the smallest effects.

Syverson (2011) provides the methodological rationale for why average effects alone are
insufficient. Within narrowly defined industries, the productivity gap between firms at the 90th
and 10th percentiles averages roughly a factor of two — an enduring and substantial dispersion
driven by technology use, managerial quality, and human capital. Bartelsman and Doms (2000)
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reach similar conclusions in their survey of longitudinal micro-data research, emphasizing that
technology use and human capital correlate robustly and persistently with productivity growth.
Together, these reviews provide both theoretical and empirical justification for moving beyond
mean-based analyses of firm productivity.

Recent quasi-experimental work strengthens confidence in the causal interpretation of digital-
productivity effects. Cette, Nevoux, and Py (2022) use an original Banque de France firm
survey and an instrumental variable strategy, finding that employing ICT specialists and using
digital technologies raise firm labor productivity by approximately 23 percent and total factor
productivity by approximately 17 percent. Jaumotte et al. (2023) further show that pre-
pandemic digitalization acted as a buffer for firm productivity and hours worked during the
COVID-19 shock. These findings suggest that digital adoption is not only a productivity lever
in normal times but also a source of structural resilience under stress.

2.2 Digital Adoption in Developing Economies and the ASEAN Context

Commander et al. (2011) are among the earliest to establish the ICT-productivity link in
developing countries using firm-level data. Studying Brazilian and Indian manufacturing firms,
they find a positive association between ICT capital and productivity in both countries, while
demonstrating that infrastructure quality and labor-market institutions modulate both adoption
rates and returns. Hjort and Poulsen (2019) provide causal evidence for this link in a lower-
income context, using the staggered arrival of submarine internet cables across twelve African
countries as a source of identification. They document significant gains in employment and
firm productivity, especially in manufacturing, following the arrival of high-speed internet.

Studies using the World Bank Enterprise Survey add breadth to this evidence base. Cusolito et
al. (2020) estimate TFP premiums from ICT adoption across 82 developing economies using a
control-function approach to address endogeneity and document median log-TFP premiums of
1.6 percent for email adoption and 2.2 percent for website adoption. Their study — which
includes Thailand in earlier waves — has become the benchmark reference for evaluating
digital-productivity effects in the developing world, both methodologically and substantively.

Cirera and Maloney (2017), in The Innovation Paradox, develop the theoretical framework that
underpins much of the contemporary research on technology adoption in developing countries.
They argue that low rates of technology adoption in these settings are a rational firm response
to binding constraints — limited physical and human capital accumulation, weak firm
capabilities, and insufficient state capacity. Their core conceptual contribution is a "capability
ladder" in which technology adoption proceeds through ordered stages, each requiring greater
absorptive capacity than the last. This framing directly motivates the decomposition of digital
adoption into distinct pillars used in the present paper.

In the ASEAN region, Guindo and Harjito (2025) use dynamic panel models for ASEAN-6 and
ASEAN-10 economies between 2000 and 2023 and identify an important structural divide. In
the catching-up ASEAN-10 group, basic internet access and foreign direct investment drive
labor productivity. In the more advanced ASEAN-6 economies — which include Thailand —
productivity is increasingly driven by frontier innovation, while broad digital expansion yields
diminishing returns. The World Bank's regional assessment (World Bank, 2019, 2025) further
documents a persistent gap between consumer-side and business-side digital adoption in
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Southeast Asia, attributable to regulatory frictions, trust deficits in electronic transactions, and
shortages of advanced digital skills.

2.3 Heterogeneous Effects of Digital Adoption and the Digital Ladder

A growing body of work demonstrates that digital-productivity effects are distributed unevenly
across firms. Gomez-Bengoechea and Jung (2024) apply unconditional quantile regression to
large firm-level datasets and document a "Matthew Effect™” in which firms at higher productivity
levels extract disproportionately large gains from digitalization, widening the productivity gap
with less productive firms. They caution that in the absence of proactive policy support for
laggards, broad digital expansion risks deepening structural inequality among firms rather than
narrowing it.

EU-level evidence from Gal et al. (2019) reinforces this pattern. Drawing on firm-level data
from 19 EU countries plus Turkey, they find that digital effects on firm productivity are stronger
for high-productivity firms and weaker where skill shortages are binding. Brambilla and
Tortarolo (2018) apply an instrumental-variable strategy to Argentine manufacturing firms and
find that ICT effects on productivity and wages are 12—13 percent larger for firms with above-
median shares of skilled workers. Taken together, this evidence suggests that complementarity
between digital technology and internal firm capabilities is the central mechanism driving effect
heterogeneity.

Bloom and Van Reenen (2007) provide supporting evidence on the role of management quality.
Their survey of 732 medium-sized manufacturing firms across four advanced economies shows
that IT has substantially larger productivity effects in firms with complementary managerial
structures. At the theoretical level, Acemoglu and Restrepo (2019) develop a task-based
framework that distinguishes the displacement and reinstatement effects of technology,
implying that basic and advanced digital technologies operate through different mechanisms
and may therefore produce distinct productivity signatures across the firm distribution.

Thailand-specific evidence offers close parallels. Jongwanich and Kohpaiboon (2025) use panel
data on Thai SMEs between 2018 and 2021 and show that e-commerce, online purchasing, and
digital payments yield significant performance gains, whereas internet access without
commercial use has limited impact. They also find that deeper software adoption benefits
medium and large firms more than small firms, suggesting capability-technology
complementarity within the Thai context. Survey evidence from DAI Global, LLC (2022)
documents that 86 percent of Thai micro, small, and medium enterprises used digital tools
during the COVID-19 pandemic — descriptive evidence that the digital transition in Thailand
accelerated in the years preceding the data used in the present study.

Building on this literature, Figure 1 sets out the conceptual framework motivating the present
study's hypothesis that the three digital pillars are differentially associated with productivity
across the distribution — with basic infrastructure (D1) hypothesized to show a stronger
association among lower-quantile firms and integration (D3) hypothesized to show a stronger
association among upper-quantile firms, a pattern we test empirically in Section 4 and describe,
with appropriate caution, as a digital-ladder-type pattern.
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Figure 1: Conceptual Framework: The Digital Ladder Effect

: Digital Ladder Effect

(Conceptual Framework: Digital Adoption Pillars and Heterogeneous Productivity Effects)
Digital Adoption Pillars Mediating Mechanisms Labor Productivity
(In sales/worker) by Quantile
D1: Infrastructure Market Access Lower Quantile (Q10-Q50)
Website | Broadband | E-file tax | P Digital visibility, " "Laggards"
(Basic digital access) customer reach (laggard-favoring) D1 B > 0 (strong)
Max = 3 B D2 B > 0 (moderate)
D3 B = 0 or negative
Transaction Efficiency
. -
D2: Transaction /" Lower friction costs, Median (QSO)
E-payment intensity | broader customer base -
(225%/ 250%/ 275%) D1, D2 positive; D3 = 0
Max =3 Y
S Absorptive Capacity
Complementary management, \\ Upper Quantile (Q75-Q90)
D3: Integration / human capital (leader-favoring) N Leaders” / Frontier firms
Foreign tech license L1 D1 B = 0 (saturated)
Full e-tax integration e o D2B=0
H i Siea ' .
Max =2 - Firm Capabilities ! D3 @ > 0 (strong)
: Size, age, foreign ownership, I" ________________________
1 Py I
- ! ] Digital Ladder Effect 1
e o o e e B i i e B e s I
Direct effect (hypothesized positive) ~ ======= Moderating / conditional effect
Source: Authors' conceptualization based on Brynjolfsson & Hitt (2000); Cirera & Maloney (2017); Battisti et al. (2024); Gal et al. (2019).

Source: Authors' conceptualization based on Brynjolfsson & Hitt (2000); Cirera & Maloney (2017); Gal et al.
(2019); Gémez-Bengoechea & Jung (2024).

2.4 Quantile Regression in Firm-Level Productivity Research

Koenker and Bassett (1978) introduced the quantile regression estimator in their seminal paper
Regression Quantiles. The method extends ordinary least squares from estimation of the
conditional mean to estimation of any conditional quantile of the dependent variable. Koenker
and Hallock (2001) summarize the method's wider importance in an accessible review article,
arguing that quantile regression enables researchers to characterize the entire conditional
distribution rather than collapsing it to a single mean. The method is particularly well-suited to
heterogeneous populations in which covariate effects vary systematically with the location of
the outcome in its distribution.

Application of quantile regression to firm productivity research was inspired most directly by
Coad and Rao (2008), who applied the method to four high-technology sectors and found that
innovation mattered little for the average firm but was crucial for a small group of "superstar"
fast-growing firms in the upper tail of the growth distribution. Their contribution demonstrated
that mean-effect estimates obscure the most important heterogeneity in how productive
activities translate into firm outcomes. Coad and Rao (2008) has since become a methodological
reference point for firm-level studies seeking to uncover effects that differ systematically
between leaders and laggards.

Contemporary applications of quantile regression to the ICT-productivity relationship in
developing economies are still relatively sparse but point in a consistent direction. Gomez-
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Bengoechea and Jung (2024), referenced above, find that digitalization effects are strongest at
higher productivity quantiles in the European context. Regional evidence from Vietnamese
provincial data indicates that ICT and human capital have statistically significant effects at
lower and intermediate productivity quantiles, with diminishing effects at the upper tail — a
pattern consistent with Cirera and Maloney's (2017) capability-ladder prediction that basic
technologies yield greater marginal benefit to firms further from the frontier. No existing study,
however, applies a quantile regression framework to decomposed digital pillars in the Thai
context, which is the gap this paper aims to fill.

3. Methodology

The study uses firm-level data from the World Bank Enterprise Survey (WBES) Thailand 2025
wave, which is drawn using a stratified random sampling design on firm size, industry sector,
and subnational region. The final analytical sample covers 813 firms. The sampling frame and
weighting procedures follow the World Bank's standard Enterprise Survey methodology, which
is designed to produce nationally representative estimates for the formal private sector (World
Bank Group, 2021). Productivity estimation from WBES data follows the methodology
developed by Francis et al. (2020) and adopted as the institutional standard by the World Bank
Group.

The dependent variable is the natural logarithm of labor productivity, computed as annual sales
divided by the number of permanent full-time employees at the end of the most recent fiscal
year. The main explanatory construct is a Digital Adoption Score decomposed into three pillars.
The first pillar, D1 Infrastructure, comprises website ownership, broadband application in the
past two years, and electronic tax filing (maximum of 3 points). The second pillar, D2
Transaction, is measured through ordinal thresholds of electronic payment intensity at 25, 50,
and 75 percent of transactions (maximum of 3 points). The third pillar, D3 Integration,
combines the use of foreign-licensed technology with full electronic tax integration — defined
as firms that both file and pay taxes electronically (maximum of 2 points). The aggregate Digital
Total Score ranges from 0 to 8.

Control variables follow the conventions of WBES-based productivity research (Commander et
al., 2011; Cusolito et al., 2020) and include the log of permanent full-time employment (firm
size), log firm age, the share of foreign ownership, an indicator for female top manager, an
indicator for direct exporter status, and an indicator for extreme-weather damage to physical
assets. Sector and regional fixed effects are included in all specifications to absorb unobserved
structural heterogeneity across industries and locations. All estimations report heteroskedasticity-
robust standard errors.

The baseline specification is an OLS regression of log labor productivity on the digital score
and controls, given in Equation (1):

In(LabProd); = a + B - Digital; +vy - Xi + 85 + 8, + & (@8]

where In (LabProd); denotes the log labor productivity of firm i, Digital; denotes either the
aggregate Digital Total Score or the three individual pillar scores (D1, D2, D3) depending on
the specification, X; is a vector of firm-level controls, & and d, represent sector and region fixed
effects respectively, and &; is the idiosyncratic error term.
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To investigate effect heterogeneity across the productivity distribution, the study estimates
Equation (2) at quantiles t € {0.10, 0.25, 0.50, 0.75, 0.90}:

Q.(In(LabProd);|X) = a; + B; - Digital; + y; - X; + 85,7+ 6y, T 2

To test the hypothesis that digital effects differ by firm size — a reduced-form test of the Digital
Divide versus Digital Equalizer narratives — the study estimates an interaction specification
given in Equation (3):

In(LabProd); = a + B* - Digital; + B% - In(emp); + B° - (Digital X In(emp));i +v - Xi +
65 + 61- + & (3)

A negative and statistically significant s implies that digital benefits weaken as firm size
increases, consistent with a Digital Equalizer interpretation in which smaller firms gain
disproportionately. A positive Pz would support the Digital Divide interpretation. All
estimations were implemented in Stata 17 MP. Robustness is assessed by varying the control
set and restricting the sample to firms with non-missing values on all three digital pillars.

Two interpretive caveats apply throughout the empirical analysis that follows. First, because
the WBES Thailand 2025 data are cross-sectional, none of the estimated coefficients reported
below should be read as causal effects: digital adoption and labor productivity may be jointly
determined through reverse causality (more productive firms may be better able to afford digital
adoption), omitted-variable bias (unobserved managerial quality may drive both), or
simultaneity, and all results are therefore reported and interpreted as associations rather than
effects. Second, the quantile regression estimates reported in Section 4.4 characterize
conditional quantiles of labor productivity — that is, the quantile position of the outcome given
each firm's observed covariates — rather than firms' fixed or unconditional position in the
population distribution. For brevity, firms whose estimated conditional position lies in the Q10—
Q50 range are referred to below as lower-quantile firms, and those in the Q75-Q90 range as
upper-quantile firms; these labels denote estimated statistical positions rather than a fixed
categorical grouping of firms.

4. Results

This section presents the empirical findings from the analysis. The presentation proceeds in
four steps. Subsection 4.1 reports descriptive statistics on digital adoption across the sample.
Subsection 4.2 reports OLS estimates of the average effect of digital adoption on labor
productivity. Subsection 4.3 reports the interaction between digital adoption and firm size.
Subsection 4.4 reports the quantile regression results, which constitute the central empirical
contribution of the paper.

4.1 Descriptive Statistics of Digital Adoption

The pattern of digital adoption among Thai enterprises reveals a firm population in the midst
of a digital transition. Table 1 presents adoption rates for the eight component indicators used
to construct the digital score, ordered from highest to lowest. Transactional digital uses —
particularly the acceptance of electronic payments — are near-universal, while advanced digital
integration through foreign-technology licensing remains rare.
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Table 1: Digital Component Adoption Rates Among Thai Enterprises

Component Pillar Adoption Rate N
(%)
E-payment received (= 25% of transactions) D2 95.8 770
E-payment received (> 50% of transactions) D2 925 770
Electronic tax filing D1 78.7 762
Full electronic tax integration (file and pay) D3 67.2 759
Own website D1 61.9 811
E-payment received (= 75% of transactions) D2 50.3 770
Foreign-licensed technology D3 8.1 799
Broadband application (past 2 years) D1 6.4 812

Source: Authors' calculations from WBES Thailand 2025.

Descriptive statistics of the pillar-level scores confirm the unevenness of the digital landscape.
The D1 Infrastructure pillar has a mean of 1.42 out of 3, reflecting moderate take-up of basic
digital access. The D2 Transaction pillar shows the highest saturation with a mean of 2.39 out
of 3, consistent with the rapid diffusion of electronic payments in Thailand. The D3 Integration
pillar lags substantially, with a mean of 0.71 out of 2. The aggregate Digital Total Score
averages 4.39 on the 0-8 scale, with a standard deviation of 1.61 and a pairwise correlation of
0.25 with log labor productivity (p < 0.01).

4.2 OLS Estimates of Digital Adoption and Labor Productivity

Table 2 reports the OLS estimates of Equation (1) across five specifications: three single-pillar
models (D1, D2, D3 entered separately), a joint model (D1, D2, D3 entered together), and an
aggregate model (Digital Total Score). The estimates provide the first view of how digital
adoption correlates with productivity at the sample mean.

Table 2: OLS Estimates of Digital Adoption on Log Labor Productivity

Variable (1) D1 (2) D2 (3) D3 (4) Joint (5) Total
D1: Infrastructure 0.220*** 0.091
(0.063) (0.075)
D2: Transaction 0.199*** 0.169**
(0.065) (0.067)
D3: Integration 0.302*** 0.176*
(0.086) (0.100)
Digital Total Score 0.119***
(0.030)
In(employment) 0.321*** 0.333*** 0.327*** 0.310*** 0.322%**
(0.039) (0.039) (0.039) (0.039) (0.039)
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Variable (1) D1 (2) D2 (3) D3 (4) Joint (5) Total
In(firm age) 0.268*** | 0.241*** | 0.260*** | 0.230*** | 0.261***
(0.076) (0.077) (0.076) (0.077) (0.076)
Foreign ownership 0.412*** 0.350** 0.334** 0.347** 0.386**
(0.148) (0.153) (0.155) (0.159) (0.152)
Female manager —0.064 -0.121 —0.050 —0.095 -0.041
(0.093) (0.094) (0.094) (0.095) (0.094)
Exporter -0.058 -0.050 -0.044 —0.063 -0.080
(0.133) (0.136) (0.133) (0.137) (0.134)
Sector & Region FE Yes Yes Yes Yes Yes
N 796 755 794 754 796
R? 0.277 0.285 0.278 0.293 0.281

Notes: Heteroskedasticity-robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10. Weather
damage control included but suppressed. Source: Authors' calculations from WBES Thailand 2025.

Each pillar is positively associated with productivity when entered alone. In the single-pillar
specifications, D3 Integration shows the largest point estimate (B = 0.302, p < 0.01, equivalent
to an estimated 35.3 percent difference in labor productivity when converted via the exact log-
linear formula [exp(p) — 1] x 100 rather than the linear approximation of the coefficient),
followed by D1 Infrastructure (f = 0.220, p < 0.01, an estimated 24.6 percent difference) and
D2 Transaction (B = 0.199, p < 0.01, an estimated 22.0 percent difference). In the joint
specification, D2 and D3 retain significance while D1 loses statistical significance, reflecting
the high pairwise correlation among the pillars. The aggregate score (column 5) is positive and
highly significant (B = 0.119, p < 0.01), corresponding via [exp(p) — 1] x 100 to an estimated
12.6 percent difference in labor productivity per one-point increase in the Digital Total Score
(rather than the 11.9 percent implied by a linear reading of the coefficient). The models explain
27.7 t0 29.3 percent of the variation in log labor productivity.

The results so far establish that digital adoption is positively associated with labor productivity
on average. However, they do not address whether the effects differ systematically across firms
of different sizes or across the productivity distribution. The next subsection turns to the size-
interaction test
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4.3 Heterogeneity by Firm Size
Table 3 reports the results of Equation (3), which tests whether the productivity returns to digital
adoption vary with firm size. Column (1) interacts the aggregate Digital Total Score with log
employment; column (2) interacts each pillar with log employment simultaneously.

Table 3: Heterogeneity of Digital Effects by Firm Size

Variable (1) Aggregate x Size (2) Pillar x Size
Digital Total Score 0.393***
(0.074)
D_total x In(emp) —0.083***
(0.020)
D1: Infrastructure 0.025
(0.224)
D2: Transaction 0.278
(0.177)
D3: Integration 0.877***
(0.299)
D1 x In(emp) —0.001
(0.064)
D2 x In(emp) —0.039
(0.047)
D3 x In(emp) —0.176***
(0.067)
In(employment) 0.708*** 0.551***
(0.099) (0.140)
Controls + Sector & Region FE Yes Yes
N 796 754
R? 0.295 0.303

Notes: Heteroskedasticity-robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10. Controls include
log firm age, foreign ownership, female manager, exporter, and weather damage. Source: Authors' calculations
from WBES Thailand 2025.

The interaction term on the aggregate score is negative and highly significant (f =—0.083, p <
0.01), indicating that the marginal productivity gain from digital adoption declines as firm size
rises. The pillar-level decomposition in column (2) attributes the interaction entirely to D3
Integration (p =—0.176, p < 0.01), while the D1 and D2 interactions are small and statistically
indistinguishable from zero. This pattern implies that the aggregate Digital Equalizer result is
driven by the differential relationship between advanced integration technologies and firm
scale, rather than by a uniform size-gradient across all digital activities. This D3-driven size
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pattern is examined further, alongside the seemingly contrasting quantile-based pattern reported
in Section 4.4, in Section 5.4.

These size-based results, while informative, average across firms at different productivity
levels. Because productivity and size are correlated but not identical, the size interaction may
mask richer heterogeneity along the productivity distribution itself. The quantile regression
results presented next uncover this heterogeneity directly.

4.4 Quantile Regression: The Digital Ladder Effect

Table 4 reports the joint-pillar quantile regression estimates at Q10, Q25, Q50, Q75, and Q90
of the conditional distribution of log labor productivity. The specification corresponds to
Equation (2) and controls for firm size, age, foreign ownership, female manager, exporter status,
weather damage, and sector and region fixed effects.

Table 4: Quantile Regression of Digital Pillars on Log Labor Productivity

Pillar Q10 Q25 Q50 Q75 Q90
D1: Infrastructure 0.277*** 0.334*** 0.183* —0.047 —-0.179
(0.103) (0.098) (0.100) (0.117) (0.151)

D2: Transaction 0.070 0.176** 0.180** 0.071 0.149
(0.084) (0.080) (0.082) (0.096) (0.123)
D3: Integration -0.179 —0.039 -0.011 0.300** 0.442**
(0.129) (0.123) (0.125) (0.147) (0.189)

Controls + FE Yes Yes Yes Yes Yes

N 754 754 754 754 754

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10. Controls: In(employment), In(firm age),
foreign ownership, female manager, exporter, weather damage. Source: Authors' calculations from WBES
Thailand 2025.

The pattern in Table 4 is the central empirical finding of the paper. D1 Infrastructure has
positive and statistically significant effects at the lower and middle quantiles — 3 = 0.277 at
Q10 (p < 0.01), p=0.334 at Q25 (p < 0.01), and B = 0.183 at Q50 (p < 0.10) — but turns
statistically indistinguishable from zero, and eventually negative, at the upper quantiles. D2
Transaction is most effective in the middle of the distribution, with significant coefficients at
Q25 (B=10.176, p < 0.05) and Q50 (B = 0.180, p < 0.05). D3 Integration follows the opposite
pattern: the coefficient is negative at Q10 and indistinguishable from zero through the median,
before turning positive and significant at Q75 (B = 0.300, p < 0.05) and Q90 (B = 0.442, p <
0.05).

This constitutes a clear sign reversal across the conditional productivity distribution, consistent
with the conceptual framework presented earlier in Figure 1 (Section 2.3), which set out the
hypothesized heterogeneous associations between the three pillars and firms' relative position
in the productivity distribution. We refer to this empirical pattern descriptively as a digital-
ladder-type pattern: lower-quantile firms show a stronger association with basic infrastructure,
and upper-quantile firms show a stronger association with integration, though — as noted in
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Section 3— this labeling reflects estimated conditional-quantile positions rather than fixed firm
categories, and the cross-sectional design means the pattern should not be read as evidence of
a firm-level developmental sequence over time.

Figure 2 visualizes the quantile coefficients with 95 percent confidence bands. The three
coefficient lines cross at different points along the distribution, giving visual expression to the
ladder pattern. The aggregate Digital Total Score shows a generally positive but flatter quantile
profile, reflecting the offsetting dynamics of D1 and D3. Taken together, the OLS and quantile
results support three descriptive conclusions, each interpreted as an association rather than a
causal claim: digital adoption is positively associated with labor productivity on average; the
digital-productivity association is comparatively stronger among smaller firms (Table 3); and,
conditional on firm size and other controls, upper-quantile firms show stronger productivity
associations with advanced integration while lower-quantile firms show stronger associations
with basic infrastructure (Table 4). Because firm size and productivity quantile are correlated
but not identical, these two forms of heterogeneity are not necessarily in conflict; Section 5.4
reports an additional test of this distinction. These findings form the basis for the discussion
that follows.

Figure 2: Quantile Coefficients of Digital Pillars on Log Labor Productivity

Digital Ladder Effect

Different digital capabilities help firms at different productivity levels

1

1

1
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Note: Shaded areas = 95% CI. DV: log labor productivity.
D1 helps laggards; D3 helps leaders. Joint model with controls + FE.
Source: Author's calculation from WBES Thailand 2025 (n = 754).

Notes: Line with circle markers represents D1 (Infrastructure); line with triangle markers represents D2
(Transaction); line with square markers represents D3 (Integration). Shaded areas represent 95% confidence bands.
Source: Authors' calculations from WBES Thailand 2025.
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5. Discussion

5.1 The Aggregate Digital-Productivity Link in Thai Enterprises

The first objective of this study was to estimate the overall relationship between digital adoption
and labor productivity among Thai enterprises. The OLS results confirm a positive and
statistically significant association, with a one-point increase in the Digital Total Score
corresponding to an estimated 12.6 percent difference in labor productivity, calculated as
[exp(B) — 1] x 100 (p = 0.119, p < 0.01). In substantive terms, this implies that a two-point
increase in the Digital Total Score (approximating a move from the 25th to the 75th percentile
of the digital-score distribution) is associated with an estimated 26.9 percent difference in
productivity at the sample mean, calculated as [exp(2x0.119) — 1] x 100. The mechanism most
consistent with this finding is the complementarity channel articulated by Brynjolfsson and Hitt
(2000), in which digital technology is associated with higher productivity when combined with
supporting organizational and human capital. The magnitude of the Thai association is broadly
consistent with firm-level evidence from other developing economies (Commander et al., 2011;
Cusolito et al., 2020), though smaller than the IV-identified effects reported for France (Cette
et al., 2022), which likely reflects both measurement differences and the earlier stage of
Thailand's digital transition.

5.2 Heterogeneous Effects Across Digital Pillars

The second objective was to examine whether the three digital pillars have distinct productivity
effects. The OLS joint model indicates that all three pillars contribute meaningfully on average,
with D3 Integration showing the largest single-pillar point estimate (B = 0.302, p < 0.01,
equivalent to an estimated 35.3 percent difference in labor productivity, calculated as [exp(P)
— 1] x 100). In substantive terms, this means that firms with both foreign-licensed technology
and full electronic tax integration are associated with productivity premiums above and beyond
those observed among firms with only basic digital infrastructure or transactional adoption. The
underlying mechanism is consistent with the absorptive capacity argument developed by Cirera
and Maloney (2017), in which the returns to advanced technology depend on firms'
complementary capabilities. This finding is consistent with Jongwanich and Kohpaiboon
(2025), who report that deeper digital uses are associated with substantially better performance
among Thai SMEs than mere internet access, and suggests that the Thai case aligns with the
ASEAN-6 pattern identified by Guindo and Harjito (2025) in which frontier innovation is an
increasingly important correlate of productivity.

5.3 The Digital Ladder Effect Across the Productivity Distribution

The third objective was to investigate effect heterogeneity across the productivity distribution.
The quantile regression results document a clear sign-reversal pattern that we describe, with the
caveats set out in Section 3, as a digital-ladder-type pattern. Lower-quantile firms show a
stronger positive association with basic infrastructure (f = 0.277 at Q10, an estimated 31.9
percent difference; B = 0.334 at Q25, an estimated 39.7 percent difference; both calculated as
[exp(B) — 1] x 100), while upper-quantile firms show a stronger positive association with
integration (f = 0.300 at Q75, an estimated 35.0 percent difference; B = 0.442 at Q90, an
estimated 55.6 percent difference). In substantive terms, the association between basic digital
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access — websites, broadband, and electronic tax filing — and productivity is strongest among
lower-quantile firms, whereas the association between advanced integration with foreign
technology and fully digitized government interaction and productivity is strongest among
upper-quantile firms. A plausible mechanism, consistent with the absorptive-capacity literature,
is differential absorptive capacity: basic infrastructure lowers entry-level transaction costs
accessible to most firms, while advanced integration requires complementary managerial and
human capital that is disproportionately concentrated among upper-quantile firms; we treat this
as a plausible interpretation rather than a directly tested mechanism in the present cross-
sectional design. This pattern is broadly consistent with Gomez-Bengoechea and Jung (2024)
and Gal et al. (2019), who document that digital effects concentrate among high-productivity
firms using unconditional quantile approaches, though the present study's use of conditional
quantile regression means the comparison should be read as directional rather than exact; the
present analysis extends this literature by showing that the specific digital activity appears to
determine which part of the conditional distribution shows the stronger association.

5.4 Robustness and Structural Stability of the Findings

The final subsection addresses the stability of the main findings. Three observations are
relevant. First, the sign and significance of the Digital Total Score are stable across all five OLS
specifications reported in Table 2, suggesting that the aggregate positive relationship is not an
artifact of one pillar or one control set. Second, the size-interaction result in Table 3 is driven
entirely by the D3 Integration x Size interaction, which is precisely the channel that the theory
predicts should be most sensitive to firm capabilities. Third, the quantile coefficients exhibit a
monotonic pattern for D1 (declining across quantiles) and D3 (rising across quantiles) rather
than isolated outliers, supporting a structural interpretation of the ladder effect rather than a
sampling artifact. While the cross-sectional design precludes fully causal identification, the
consistency of results across specifications and the alignment with prior quasi-experimental
evidence (Cette et al., 2022; Hjort & Poulsen, 2019) suggests that the descriptive patterns
documented here reflect genuine economic heterogeneity rather than measurement noise.

A further observation concerns the apparent tension between the negative D3 x size interaction
reported in Table 3 and the positive D3 coefficients at the upper conditional quantiles reported
in Table 4. To examine whether these two patterns are compatible, we estimated an additional
specification that adds an explicit D3 x In(employment) interaction term within each
conditional quantile regression. Across all five quantiles, this size interaction remains negative
(B ranging from approximately —0.11 at Q10 to —0.20 at Q75, reaching conventional
significance at Q25, Q50, and Q75), while the D3 main-effect coefficient in this specification
still rises from the lower to the upper quantiles. This indicates that firm size and productivity-
quantile position capture two distinct, coexisting dimensions of heterogeneity in the D3
association rather than a single contradictory result: within a given quantile, smaller firms show
a stronger D3 association, and independently of size, firms in higher conditional productivity
quantiles also show a stronger D3 association. Consistent with this, firms in the top quartile of
the productivity distribution are on average considerably larger than firms in the bottom quartile
(mean log-employment of 3.81, equivalent to roughly 45 employees, versus 2.58, equivalent to
roughly 13 employees; correlation between log-employment and log labor productivity of
approximately 0.35), confirming that size and productivity quantile are related but far from
interchangeable in this sample. Firms that are both smaller and located in the upper conditional
quantiles of productivity therefore show the strongest estimated D3 association in the data,
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consistent with a pattern in which a subset of smaller, unusually productive firms drives much
of the observed integration association. We emphasize that the cross-sectional design cannot
establish the direction of any underlying mechanism, and we treat this as an informative feature
of firm heterogeneity in the Thai data rather than a fully resolved finding. Any policy
application of these results (Section 6) should account for firm size and productivity position
jointly rather than either dimension considered in isolation.

6. Conclusion and Policy Implications

This paper has examined the association between digital adoption and labor productivity in Thai
enterprises, drawing on the World Bank Enterprise Survey Thailand 2025. The analysis
decomposed digital adoption into three pillars — Infrastructure, Transaction, and Integration
— and estimated associations using both OLS and Quantile Regression. Three findings stand
out. The aggregate Digital Total Score is positively associated with labor productivity (p =
0.119, p < 0.01), with a one-point increase corresponding to an estimated 12.6 percent
productivity difference. The three pillars contribute differently: Infrastructure and Transaction
are positively associated with productivity broadly, while Integration shows the largest single-
pillar point estimate (B = 0.302, p < 0.01, an estimated 35.3 percent difference). A digital-
ladder-type pattern also emerges from the quantile analysis: D1 shows a stronger association
among lower-quantile firms (Q10-Q50) while D3 shows a stronger association among upper-
quantile firms (Q75-Q90), with a sign reversal across the conditional distribution; as discussed
in Sections 3 and 5.4, this pattern should be read as a descriptive association rather than a
confirmed causal or developmental sequence, and it sits alongside a partly distinct finding on
firm size. The digital score x firm-size interaction is negative and significant (f = —0.083, p <
0.01), indicating that the digital-productivity association is comparatively stronger among
smaller firms; Section 5.4 reports an additional test of how this size-based result relates to the
quantile-based results above.

These findings suggest that a differentiated approach to digital policy in Thailand may be
warranted, subject to the qualifications noted in Section 5.4 regarding the cross-sectional and
associational nature of the evidence. One implication is that prioritizing basic digital
infrastructure for smaller and lower-quantile firms could be worth considering: because D1
shows its largest estimated association at the lower conditional quantiles, expanded support for
website development, broadband access, and electronic tax filing may offer a comparatively
large aggregate benefit per unit of public investment if targeted toward firms in the lower half
of the productivity distribution, subject to the caveat that such targeting assumes policymakers
can identify firms by productivity quantile in practice. This possibility is broadly consistent
with Hjort and Poulsen's (2019) finding that fast internet access is associated with substantial
productivity gains in lower-income settings and with Cirera and Maloney's (2017)
recommendation that basic-technology diffusion serve as a starting point for technology-
upgrading programs.

A second implication concerns support for advanced digital integration among upper-gquantile
firms through technology-transfer and absorption programs. Because D3 Integration shows its
strongest estimated association among firms already at higher conditional productivity levels
(subject to the size-related qualification discussed in Section 5.4), policies such as expanded
technology licensing, R&D tax incentives, and fully digitized government-business interfaces
could plausibly support continued productivity growth among Thailand's higher-productivity
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firms, though this remains an associational rather than a demonstrated causal claim. This
possibility is broadly consistent with Guindo and Harjito's (2025) evidence that frontier
innovation is an increasingly important correlate of productivity in ASEAN-6 economies and
with the World Bank's (2025) assessment that Thailand's next growth stage is linked to closing
the advanced-digital gap.

A third implication concerns the middle segment of the distribution. Because D2 Transaction
shows its strongest estimated association at the 25th and 50th conditional quantiles, policy
instruments that support transactional digitalization — payment interoperability standards,
digital financial services for SMEs, and electronic invoicing mandates — may be comparatively
well suited to firms in the middle of the productivity distribution. Taken together, a
differentiated digital policy package for Thailand could pair infrastructure support aimed at
lower-quantile firms with integration support aimed at upper-quantile firms and transactional
standards aimed at the middle, rather than treating all firms as homogeneous adopters; we
emphasize, however, that this sequencing is a hypothesis suggested by cross-sectional
association patterns and would benefit from further validation, including the additional analysis
reported in Section 5.4, before being operationalized as targeting criteria.

Two limitations of the study should be acknowledged. First, the WBES Thailand 2025 is a
single cross-section, which precludes the identification of causal effects through firm-level
fixed effects or long-difference designs; in particular, the sequential, developmental
interpretation implied by the term digital-ladder-type pattern cannot be directly tested with these
data and should be regarded as a speculative reading of a cross-sectional association pattern
rather than as demonstrated firm-level dynamics over time. Second, the peer-based instrument
tested in early specifications did not pass weak-instrument diagnostics once sector and region
fixed effects were included, reflecting a structural limitation of cross-sectional 1V strategies in
this context. Four directions for future research follow. The first is to replicate the quantile
analysis using longitudinal WBES data once the 2025 wave can be linked to prior waves,
enabling within-firm identification and a direct test of the developmental interpretation. The
second is to extend the decomposition framework to other ASEAN economies to test whether
the observed pattern generalizes across the region rather than being specific to the Thai case.
The third is to investigate the organizational and human-capital mediators that generate the size
dependence of the D3 channel, including by extending the control set to measures of internal
digital skills and human capital. The fourth is to jointly model firm size and productivity
quantile position, building on the additional test reported in Section 5.4, to clarify more
precisely how these two dimensions of heterogeneity relate to one another. By documenting a
pattern consistent with digital adoption in Thailand operating through a ladder rather than a
uniform channel, this paper offers a descriptive framework, grounded in verified empirical
associations, that can guide both further academic inquiry and more cautious, evidence-based
policy design.
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