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Abstract

We study the impact of Information and Communication Technologies (ICT) adoption on
female employment outcomes in Vietnam using rich firm- and individual-level data. Our
identification exploits exogenous variation in ICT access driven by geographic connectivity
conditions and a nationwide network upgrade in 2007. We find that ICT adoption increases
the female share of employment within firms, primarily through within-firm reallocation in
the formal sector. We further provide evidence consistent with a task-reallocation channel:
ICT is associated with a shift in labor demand away from routine and manual tasks to-
ward social, customer-facing, and service-oriented activities, where women are more likely
to have a comparative advantage.
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1 Introduction

Since the 1990s, advances in information and communication technologies (ICT) have signifi-
cantly reduced the costs of acquiring information and coordinating activities within and across
firms. Over the same period, income inequality within countries has risen sharply (Piketty,
2014). In particular, gender inequality in labor markets remains especially persistent, with
women continuing to face barriers to entry, advancement, and equal pay across sectors and
skill levels (Goldin, 2014; Blau and Kahn, 2017; International Monetary Fund, 2018; Hsieh et al.,
2019; World Economic Forum, 2023). A growing literature documents how ICT has profoundly
transformed labor market outcomes, including its effects on women’s employment, earnings,
and occupational outcomes (Kuhn and Mansour, 2014; Suri and Jack, 2016; Viollaz and Win-
kler, 2022; Chiplunkar and Goldberg, 2022; Bahia et al., 2024; Kusumawardhani et al., 2023; Ho
et al., 2024; Chung et al., 2025). However, relatively little is known about the labor demand
side of this transformation, specifically, how firm-level ICT adoption reshapes the gender com-
position of employment within firms and the mechanisms through which these changes occur,
particularly in developing-country contexts.

This paper contributes to the debate on how ICT adoption shapes female labor market out-
comes, with a particular focus on broadband internet.! In contrast to much of the existing
literature that focuses on advanced economies, we study this question in the context of a large
developing country, Vietham. Vietnam provides a particularly compelling setting, as it has
experienced both a relatively recent expansion of ICT infrastructure and rapid economic de-
velopment. Vietnam also offers rich data that allow us to study the effects of ICT expansion,
most importantly the country’s annual enterprise census, a panel dataset that provides detailed
information on firm-level ICT adoption and a rich set of production variables, including female
employment.

Identifying the causal impact of ICT expansion on labor market outcomes is challenging, as

ICT infrastructure is not randomly placed, and firms may endogenously sort into areas with

'Throughout this paper, we use the term “ICT adoption” to refer specifically to the adoption and use of broadband
internet infrastructure.



better access. To address this, our paper leverages plausibly exogenous variation in firms’
ICT access. First, we exploit temporal variation from the nationwide expansion of ICT infras-
tructure in 2007, when Vietnam implemented a major upgrade to its domestic backbone and
submarine cable systems, substantially improving internet capacity and quality. Second, we
exploit geographic variation in the effective cost of connecting to the ICT backbone. Not all
tirms benefited equally from the nationwide ICT expansion, as treatment intensity depends on
the geographic conditions of connecting to the nearest backbone node, which is the core in-
frastructure that transmits high-capacity internet across regions. To capture this heterogeneity,
we construct a measure of geographic connectivity conditions based on terrain, soil character-
istics, and hydrological features along the path from each firm to its closest backbone node.
Features such as water bodies, unstable soil, and rugged terrain increase the difficulty of lay-
ing and maintaining fiber connections, lengthen effective connection routes, and reduce the
quality of internet access. As a result, firms facing more difficult geographic conditions expe-
rience smaller improvements in ICT access following the nationwide expansion. We interact
these geographic connectivity measures with the post-2007 expansion to construct instruments
for firm-level ICT adoption. The intuition behind our instrument is similar to a generalized
difference-in-differences strategy (Nunn and Qian, 2011): we compare outcomes across firms
located in areas with different levels of geographic connectivity conditions to the ICT backbone
before and after the nationwide expansion.

Our identification strategy relies on two key assumptions. First, relevance: firms and house-
holds facing more favorable geographic connectivity conditions experience larger improve-
ments in ICT access following the 2007 expansion. Second, the exclusion restriction: the instru-
ment affects female labor share only through its impact on ICT adoption. In other words, there
are no concurrent shocks around 2007 that are systematically correlated with geographic con-
nectivity conditions to backbone nodes and that independently affect labor market outcomes.
Importantly, identification relies on the exogeneity of the interaction between the nationwide
ICT expansion and geographic connectivity conditions, rather than requiring each component

to be exogenous on its own. To address potential concerns regarding the exclusion restriction,



including concurrent urbanization trends and improvements in other infrastructure, we allow
for regional trends and flexible differential trends by proximity to other infrastructure, and ad-
ditionally control for local population growth and urbanization.

We find that greater firm-level ICT adoption significantly increases the share of female
workers in firm employment. Our first-stage results show that firms” post-2007 ICT adop-
tion depends critically on local terrain, hydrological, and soil conditions along the path to the
nearest ICT backbone node. Notice that because many geographic conditions may influence
connectivity, we follow Belloni et al. (2012) and implement a LASSO procedure to select the rel-
evant instruments, thereby mitigating concerns about overfitting and weak instruments. In the
second stage, we estimate a robust and statistically significant positive effect of ICT adoption
on female employment share. Specifically, our baseline estimates imply that a one-standard-
deviation increase in internet-connected PCs per worker raises the female labor share by about
6.6 percentage points, and a comparable increase in LAN-connected PCs per worker by about
11.5 percentage points. We also find evidence that these effects persist into the medium term.
Importantly, the results appear to be driven primarily by compositional shifts across gender, as
we find no statistically significant changes in firms’ total employment or firm entry. Pre-trend
estimates are statistically insignificant over an extended 2001-2006 pre-period, and our results
are robust to alternative instruments and specification choices.

We complement the firm-level analysis with data from the Vietham Household Living Stan-
dards Survey (VHLSS) to provide additional insights into labor market outcomes, including
those in the informal economy. To mirror the treatment variation in the firm-level analysis, we
assign households the same geographically determined ICT treatment intensity as firms located
in the same area. We then implement a triple-DiD framework using the household data. The
results suggest that the gender effects observed at the firm level are primarily driven by labor
reallocation within the formal sector. In particular, ICT expansion increases women’s likelihood
of working in non-agricultural activities relative to men, while raising wages overall with no
significant gender differences. We find no significant effects on transitions from informal to

formal employment or on overall employment rates.



To better understand the mechanisms through which ICT adoption increases firms’ female
labor shares, we examine labor reallocation across tasks requiring different skills. This analysis
is motivated by prior research showing that ICT tends to substitute for routine and manual la-
bor while complementing non-routine, social, and service-oriented tasks (Autor et al., 2003; Au-
tor and Dorn, 2013; Deming, 2017; Acemoglu and Restrepo, 2020; Hoétte et al., 2023), which are
activities in which women are more likely to have a comparative advantage (Rueckert and Nay-
bar, 2008; Schulte-Riither et al., 2008; Cortes and Pan, 2018). Consistent with this mechanism,
we find that the positive effect of ICT adoption on female labor share is stronger in industries
with lower routine and manual task intensity and higher service, social, and customer-facing
task intensity. At the individual level, women are more likely than men to transition into oc-
cupations emphasizing social, customer-facing, and service-oriented tasks, and less likely to
remain in routine roles, following ICT expansion.

This paper contributes to the growing literature on the labor-market effects of ICT (Au-
tor et al., 1998; Crandall et al., 2007; Forman et al., 2012; Michaels et al., 2014; Akerman et al.,
2015), including recent work on developing countries (e.g., Kuhn and Mansour, 2014; Hjort
and Poulsen, 2019; Viollaz and Winkler, 2022; Azam et al., 2024; Bahia et al., 2024). As re-
viewed by Hjort and Tian (2025), ICT can generate substantial employment and productivity
gains, although its effects and underlying mechanisms vary across settings. We contribute by
studying gender-specific employment outcomes in Vietnam, one of the fastest-growing devel-
oping economies, using firm-level data. Methodologically, we develop an identification strat-
egy that uses geographic characteristics along the path to ICT backbone nodes as proxies for
the engineering costs of connection.? This strategy complements conventional distance-to-
infrastructure instruments (e.g., Miner, 2015; Hjort and Poulsen, 2019; Geraci et al., 2022) by
incorporating geographic conditions that more directly capture connection costs and are less
closely tied to the endogenous placement of infrastructure.

Second, our study contributes to the literature on technological change, task composition,

and gender inequality (Autor et al., 2003; Black and Spitz-Oener, 2010; Beaudry and Lewis,

2This approach is conceptually related to Ellis et al. (2025), who use terrain variation and the spatial distribution
of mobile phone towers to predict mobile signal strength.
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2014; Greenwood et al., 2016; Olivetti and Petrongolo, 2016; Ngai and Petrongolo, 2017; Aksoy
et al., 2021; Kwon, 2022; Cortés et al., 2024; Vidart, 2024).3 ICT tends to substitute for routine
and manual tasks while complementing work involving information processing, interpersonal
interaction, and service provision, partly by enabling more flexible workplace organization and
task design (Bresnahan et al., 2002; Autor et al., 2003; Bartel et al., 2007; Autor and Dorn, 2013;
Deming, 2017; Acemoglu and Restrepo, 2020; Hotte et al., 2023). At the same time, women tend
to have a comparative advantage in cognitive, social, customer-facing, and service-oriented
work relative to physically intensive manual tasks (Welch, 2000; Rendall, 2018; Blau and Kahn,
2017; Cortes and Pan, 2018). ICT may therefore increase the relative demand for female labor
by shifting production toward tasks in which women are comparatively more productive, even
without expanding firms’ total employment. We test this mechanism directly by examining
whether the effects of ICT vary with industries’ task intensity and whether ICT exposure shifts
women’s occupational allocation, relative to men’s, toward social, customer-facing, and service-
oriented tasks.

Our paper is closely related to Juhn et al. (2014), who show that trade-induced technolog-
ical change improved female labor-market outcomes in Mexico by reducing the importance of
physical tasks, and to Chiplunkar and Goldberg (2022), who find that the rollout of 3G mobile
internet increased female labor-force participation in developing countries. We differ by study-
ing broadband infrastructure, firm-level employment composition, and the task-based mecha-
nisms underlying the gender effects of ICT. We also connect to research showing that interper-
sonal and non-cognitive skills are increasingly rewarded in modern labor markets (Heckman
et al., 2006; Borghans et al., 2008; Lindqvist and Vestman, 2011; Deming, 2017). Our findings
suggest that ICT-driven shifts toward social, customer-facing, and service-oriented tasks are
one channel through which broadband expansion increases female employment.

The remainder of the paper is organized as follows. Section 2 provides the institutional
background. Section 3 describes the data. Section 4 outlines the identification strategy and the
construction of the instrumental variable. Section 5 presents the firm-level results. Section 6

extends the analysis using household data. Section 7 examines the underlying mechanisms.

3See Goldin (2006) for a broader discussion of the forces shaping female labor-market outcomes.
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Section 8 concludes.

2 Background

Internet Expansion in Vietnam As a relatively late adopter of the Internet, the Vietnamese
government recognized that expanding low-cost access to ICT would be critical to achieving
its broader economic reform goals under the Doi Moi (renovation) policy initiated in the late
1980s. The country’s first steps toward connectivity began in 1992, with the development of
a national computing network through collaboration between Hanoi’s Institute of Information
Technology (IOIT) and the Australian National University.* Following provisional regulations,
Internet services became available to commercial users in the late 1990s. The core infrastructure
supporting Internet provision was the national optical fiber backbone, constructed by Vietnam
Telecom National (VIN), a subsidiary of the Vietnam Post and Telecommunications Group
(VNPT). This backbone served as the primary high-capacity transmission system, enabling
long-distance data connectivity across provinces and forming the foundation for the expansion
of broadband access nationwide. Panel B of Figure 1 displays the early terrestrial backbone
and node sites, based on data sourced from the VIN. The national network, built using a ring
topology, connected Hanoi to Ho Chi Minh City through fiber optic systems, with extensions
to the North, Northeast, Central, and Southern regions.

Despite these efforts, Internet penetration and bandwidth remained limited in the early
2000s due to high costs and capacity constraints in the optical transmission infrastructure. As
of 2005, Vietnam had only 210,000 fixed broadband subscriptions, and its total international
bandwidth hovered around 3.6 gigabits per second (Gbps) (Tuan, 2011).

A turning point occurred in 2007. This year marked major expansions in Vietnam’s ICT
capacity, driven by two transformative technological upgrades. First, the country’s main sub-
marine cable, SEA-ME-WE 3, which directly connected Vietnam to over 30 countries across East

Asia, Africa, Europe, and Oceania, underwent a critical 10 Gbps capacity upgrade. This was the

4The foundation of Vietnam'’s Internet infrastructure was laid with the creation of the Vietham Academic Research
and Education Network (VARENet) in 1994, which supported academic communication and research exchanges.
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tirst major enhancement since the cable’s initial deployment in 1999 and significantly improved
international connectivity in terms of both speed and reliability. Second, Vietham’s domestic
terrestrial backbone was substantially upgraded in the same year. According to the Vietham
Post and Telecommunications Group, this expansion enabled much broader residential and
commercial access to ADSL broadband. Complementing these infrastructure improvements,
Vietnam's accession to the World Trade Organization (WTO) lowered the cost of importing ICT
equipment and encouraged foreign investment through joint ventures, fostering competition
and facilitating the adoption of global standards.

Taken together, these developments in 2007 marked a watershed moment for Vietnam’s
digital transformation. They accelerated Internet speed, broadened access, and dramatically
reduced costs. Within a decade, Vietnam had transformed from one of Southeast Asia’s techno-
logical laggards into a regional leader in digital connectivity. Reflecting this transformation,
both domestic and international bandwidth grew sharply after 2007. As illustrated in Fig-
ure A.l, international bandwidth surged from 3,615 megabits per second (Mbps) in 2005 to
over 400 Gbps by 2013. By 2011, Vietnam had become a highly competitive ICT market, with
90 Internet providers and five cellular data companies (Tuan, 2011). By 2015, as shown in Ap-
pendix Table A.1, average bandwidth had exceeded 24 kilobits per second (Kbps) per person,
and entry-level broadband plans were available for as little as $3 per month, making Internet
access broadly affordable.

Importantly, the 2007 ICT expansion in Vietnam is best understood primarily as an upgrade
of existing backbone infrastructure rather than the construction of entirely new network cover-
age. The core terrestrial backbone network had largely been established prior to 2007, and the
reform mainly involved substantial increases in transmission capacity, both through upgrades
to the SEA-ME-WE 3 submarine cable and improvements to the domestic backbone system.
While some complementary investments, such as extending local connections and improving
last-mile access, accompanied this process, these changes were incremental relative to the exist-
ing backbone footprint. As a result, the expansion primarily improved the quality, speed, and

reliability of connectivity rather than expanding access to entirely new locations.



At the same time, local and last-mile access continued to expand, although commune-level
public access still relied largely on narrowband connections. VNPT expanded access through
its network of Communal Post and Cultural Points, beginning in 2003 to supply mainly dial-
up Internet to around 3,000 of them. Meanwhile, the Universal Service Fund, established in
2004, supported a program that aimed to provide public telephone access points in all com-
munes and public Internet access points in 70 percent of communes by 2010. (Lee, 2011; Tuan,
2011). The 2007 backbone upgrade therefore complemented, rather than replaced, this ongoing
last-mile build-out: greater backbone capacity encouraged firms to establish or upgrade local
connections in subsequent years. Our instrument exploits the geographically determined cost

of making these last-mile connections.

Gender Differences in the Labor Market Vietnam’s labor market exhibits relatively small
gender gaps in labor force participation compared to other lower-middle-income countries, yet
substantial disparities persist in employment type and earnings. In 2012, 82% of men and 73%
of women aged 15 and older participated in the labor force (World Bank, 2026). Although
gender wage gaps narrowed between 2004 and 2012, particularly among less-educated work-
ers, men continued to earn approximately 12—44% more than women on average (Appendix
Table A.2).

As in many developing countries, informal employment and unpaid work remain preva-
lent. Women are also less likely to hold wage employment in Vietnam: as shown in Appendix
Table A.3, in 2012 only 30% of women were wage employees, compared to 47% of men. Men
are also more likely to hold primary jobs in the formal sector, with rates of 25% for men and

22% for women.

3 Data

Firm-level Data The firm-level data used in our main analysis come from the Annual Enter-
prise Census of Vietnam, conducted by the General Statistics Office (GSO), covering the period

from 2004 to 2009; in some analyses, we extend the sample to 2011. These annual censuses in-



clude all registered enterprises across both manufacturing and non-manufacturing sectors, en-
compassing state-owned, collectively owned, private, and foreign-invested firms. The dataset
provides rich firm-level information, including detailed balance sheets, total employment, dis-
aggregated employment by skill and gender, capital, revenues, expenses, profits, and liabilities.

A distinctive feature of the census is its detailed information on firms” use of information
and communication technologies, including personal computers, Internet access, and local area
networks (LANs).” Our two primary measures are the number of Internet-connected PCs per
worker and the number of LAN-connected PCs per worker. Appendix Table A .4 reports their
evolution from 2004 to 2009. ICT information was not collected in 2006. Both measures in-
creased substantially over the sample period: Internet-connected PCs per worker rose from
0.05 in 2004 to 0.15 in 2009, while LAN-connected PCs per worker increased from 0.05 to 0.12.

We also examine the raw correlation between ICT adoption and firms’ female labor share.
Figure 2 presents binned scatter plots illustrating these relationships. To show when this as-
sociation emerges, we split the sample by period: the left panel plots firms’ pre-expansion
(2004-2006) female labor share against their eventual (post-2007) Internet adoption, and the
right panel plots their post-expansion (2007-2009) female labor share against the same mea-
sure. A positive association is already present before the expansion—indicating some sorting
of high-female-share firms into eventual ICT adoption—but the slope is roughly twice as steep
after 2007 (fitted slope of 0.053 pre-2007 versus 0.100 post-2007). This steepening, with the asso-
ciation strengthening precisely when ICT becomes available, is consistent with a causal effect of
ICT adoption rather than with pre-existing differences alone. For this descriptive figure we plot
ICT adoption on the log(1+ z) scale for readability; our main analysis, however, uses ICT adop-
tion in levels. Appendix Figure A.2 repeats this exercise using the LAN measure and shows the
same steepening (fitted slope 0.057 pre-2007 versus 0.101 post-2007).

Although the Vietnam Enterprise Surveys do not provide the exact coordinates of firms,
we can identify their province (tinh), district (huyen), and commune (xa) using concorded ge-

ographic identifiers. We use the centroids of each commune as a proxy for the geographic
grap proxy geograp

°A local area network connects computers and other devices within a limited area, such as an office or building,
allowing users to share data, applications, and resources.
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location of the firms. There are 11,162 communes (xa) in Vietnam, which represent the lowest
administrative level in the country, nested within provinces (tinh) and districts (huyen). The
average population of a commune is approximately 6,500, making it roughly comparable to a
U.S. Census tract in terms of population, but much smaller in geographic size due to Vietnam’s
higher population density.® Panel A of Figure 1 displays the commune centroids of the firms in
blue, as reported in the Vietnam Enterprise Surveys.

To ensure comparability in connectivity environments, we restrict the estimation sample to
firms located within 20 km of an ICT backbone node, which we introduce later in this section.
This restriction retains approximately 88% of surveyed firms but disproportionately excludes
remote rural communes. Our estimates should therefore be interpreted as applying primarily to
tirms in Vietnam’s more connected and economically active areas. Table 1 reports descriptive
statistics for the resulting sample. Women account for about one-third of firm employment,
with a mean female labor share of 0.331. Firms have, on average, 0.112 Internet-connected PCs
and 0.101 LAN-connected PCs per worker, with substantial dispersion in both measures. Mean
log employment is 3.805, corresponding to approximately 45 workers. Foreign-owned and
state-owned firms account for 9.3% and 10.0% of the sample, respectively, with domestically

owned private firms serving as the omitted category.

Individual-level Data To complement our firm-level analysis and shed light on broader la-
bor market outcomes, particularly in the informal economy, we also use individual-level data
from the Vietnam Household Living Standards Survey (VHLSS), which spans 2002-2012 and is
conducted biennially. The VHLSS is a nationally representative, multi-topic household survey
administered by Vietnam’s GSO to monitor living conditions and socioeconomic outcomes. It
covers workers across all industries and reports detailed demographic characteristics, includ-
ing gender, age, education, and marital status. The labor module provides rich information on
employment outcomes, such as employment status, monthly workdays, wages, sector of em-

ployment, self-employment, job formality, secondary employment, and engagement in house-

®To extract the commune coordinates, we developed a Python program that matches the three levels of administra-
tive names with Google Maps’ Geocoding Platform. For a small number of mismatched communes, we manually
corrected the coordinates.
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work. Throughout the individual-level analysis, we classify a worker as formally employed if
the job is in a private registered firm, a state-owned enterprise, a public institution, or a foreign-
invested firm; all other employment is classified as informal.”

Importantly, the survey includes commune (xa)-level geographic identifiers, which allow
us to geocode households and construct ICT exposure measures consistent with those derived
from the firm census. We describe this procedure in greater detail in Section 6. Although the
survey reports household access to broadband internet, adoption rates are very low—0.3% in
2002 and 4% in 2008. Since our focus is on the effects of broadband expansion on labor demand
(firm-level ICT adoption), rather than household-level adoption per se, we do not treat this

measure as capturing the relevant policy variation in our setting.

Terrestrial Backbone Nodes Location We obtain historical maps of Vietnam's terrestrial back-
bone network from the International Telecommunication Union (ITU) and Vietnam Telecom
National (VIN). Panel B of Figure 1 displays the original map, which depicts the fiber-optic
transmission system linking Hanoi and Ho Chi Minh City, along with regional networks serv-
ing the North, Northeast, Central, and Southern regions. Existing inter-provincial backbone
lines are shown as solid red lines, while 115 ICT backbone nodes (telecommunication stations)
are marked by black dots. Lines under construction are indicated by dashed red lines.

Since backbone nodes aggregate and distribute ICT infrastructure, they serve as the primary
physical access points for high-speed connectivity to firms, households, and public services in
surrounding areas. We digitize their geographic locations, which are later used to construct
instrumental variables for firm ICT adoption. Panel A of Figure 1 illustrates the spatial distri-
bution of Vietnam’s terrestrial backbone nodes (red dots). There is a notable concentration of
nodes around major urban and industrial hubs, such as Hanoi in the north, Da Nang in the
central region, and Ho Chi Minh City in the south. Also, the backbone network is broadly dis-
tributed along the country’s north-south axis. The majority of communes are located in close

proximity to at least one backbone node.

"We follow the procedures in McCaig and Pavenik (2018) and McCaig and Pavenik (2021) to clean individual
and household identifiers. Similar data are used in McCaig and Pavcnik (2018) to study the impact of trade
liberalization on labor reallocation.
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Table 2 presents summary statistics on the spatial distribution of firms and individuals rel-
ative to backbone nodes. The Annual Enterprise Census (2004-2009) includes 117,333 unique
tirms, spanning 64 provinces, 665 districts, and 6,997 communes. In contrast, the individual-
level data have more limited geographic coverage, encompassing 3,496 communes. Approxi-
mately 88% of firms and 58% of individuals are located within 20 km of the nearest terrestrial

backbone node.

Geographic Data To construct our instrument for firms” ICT access, we exploit terrain, hydro-
logical, and soil characteristics along the shortest path between each firm and its nearest ICT
backbone node. We draw on satellite-based data to capture localized geographic features, in-
cluding: (1) hydrological conditions from the JRC Global Surface Water Mapping Layers (Pekel
et al., 2016); (2) soil characteristics from SoilGrids (Hengl et al., 2017); (3) elevation from the
NASA SRTM Digital Elevation Model (Farr et al., 2007); and (4) terrain ruggedness from Nunn
and Puga (2012). All geographic variables are time-invariant. Soil characteristics and rugged-
ness are inherently fixed, while the hydrological measures are constructed as long-run aggre-
gates from historical time-series satellite imagery.

Appendix Table A.5 summarizes the variables that may affect the engineering feasibility
of ICT infrastructure deployment. For instance, higher elevation increases construction costs,
while rugged terrain complicates cable installation and tower placement. Soil characteristics
such as texture and bulk density affect the stability of underground installations, and nearby

water bodies may pose physical barriers to infrastructure development.

Other Data We use the Global Human Settlement Layer population dataset (GHS-POP) (SCHI-
AVINA et al., 2025) to measure population. GHS-POP is a globally harmonized dataset pro-
duced by the European Commission’s Joint Research Centre that provides high-resolution grid-
ded population estimates by combining census data with satellite-derived built-up area infor-
mation. Because population data are available only for 2005 and 2010, we compute the annual
population growth rate for each spatial unit and interpolate annual population levels for the

intervening years. In addition, we use the 2019 GHS Urban Centre Database to obtain the ge-
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ographic coordinates of urban centers in Vietnam. Data on roads, railways, and rivers (circa
2007/2008) are obtained from the NYU Spatial Data Repository (SDR) (International Steering
Committee for Global Mapping, 2007b,a, 2008). For our mechanism analysis, we use task mea-
sures from the U.S. Department of Labor’s Occupational Information Network (O*NET), which
provides detailed information on the nature of work across occupations (U.S. Department of La-
bor, Employment and Training Administration, 2025). Further details on the O*NET data are

provided in Section 7 and Appendix Section B.

4 Empirical Strategy

4.1 OLS Specification

To examine the effect of firm-level ICT adoption on the share of female employment, we esti-

mate the following specification:

FemaleSy = ag + BiICTy + 7y + Ont + X, B2 + Zi, B3 + €41, (1)

where FemaleS;;, denotes the share of female workers in total employment for firm ¢ in year
t, and ICT};, measures firm-level ICT adoption. We consider two alternative measures: (i) the
number of internet-connected PCs per worker and (ii) the number of LAN-connected PCs per
worker. The specification includes firm fixed effects, ;, which absorb time-invariant firm char-
acteristics, and (nearest) backbone node-by-year fixed effects, 6,;, which absorb node-specific
time-varying shocks. Because backbone nodes are closely associated with major regional cen-
ters (see Figure 1), these fixed effects also capture broader region-specific time trends. The
vector X;; includes time-varying firm-level controls, such as indicators for foreign and state
ownership, as well as total sales, fixed assets, and total employment. In addition, Z;; includes
time-varying locational controls and baseline location characteristics interacted with year fixed
effects, allowing for flexible differential trends across locations with different baseline charac-
teristics that may be correlated with both ICT adoption and female employment. We provide

further details on the construction of Z;, in the following section.
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4.2 Instrumental Variable Approach

Sources of Exogenous Variation for the Instrument Even after controlling for firm fixed ef-
fects, flexible regional time trends, and time-varying firm-level characteristics, our estimates
may still be subject to endogeneity concerns. First, the placement of ICT infrastructure is un-
likely to be random. Backbone nodes are typically located based on strategic policy consider-
ations and may correlate with local socio-economic conditions that also affect female employ-
ment outcomes, thereby generating potential omitted-variable bias. Second, reverse causality
may arise if firms with a higher female employment share undergo organizational or techno-
logical changes that increase their demand for ICT adoption.

To address these concerns, we exploit both temporal and spatial sources of variation to
construct an instrumental variable for firm-level ICT adoption. On the temporal dimension, we
leverage the nationwide ICT capacity expansion in 2007, when Vietnam’s domestic terrestrial
backbone and submarine cable systems underwent substantial upgrades, sharply increasing
Internet transmission speeds, as described in Section 2. Because this reform coincided with
other transformative economic developments, including Vietnam’s accession to the WTO and
broader processes of globalization and urbanization, we further isolate ICT-specific effects by
exploiting cross-sectional heterogeneity in firms’ connectivity costs to the backbone network.

On the spatial dimension, firms differ in the ease of accessing the upgraded backbone net-
work. Although capacity expanded nationwide, the extent to which firms benefited depended
on geographic conditions affecting their connectivity to the nearest backbone node. These con-
ditions influence the engineering difficulty of expanding and maintaining last-mile infrastruc-
ture and, more broadly, the quality and reliability of access. Engineering evidence indicates
that terrain, soil stability, and hydrological barriers play a central role in determining the cost
of last-mile infrastructure deployment (Biggs and Mahony, 2004). For example, fiber installa-
tion is substantially more expensive in rocky terrain than in soft soil, and additional obstacles
such as waterways or unstable ground further increase construction difficulty (Fiber Broadband
Association and Cartesian, 2024). As a result, firms located in areas with flatter terrain, more

stable soils, and fewer hydrological barriers along the path to the ICT backbone experienced
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larger effective improvements in access following the 2007 expansion.

Motivated by these engineering considerations, we proxy the cost of connecting each firm
to the backbone using terrain, soil, and hydrological characteristics along the path between the
firm and its nearest backbone node. We interact these predetermined characteristics with an indi-
cator for the post-2007 ICT expansion. The intuition is that, following the nationwide capacity
upgrade, firms facing more favorable connection conditions experienced larger improvements
in effective ICT access and therefore stronger increases in ICT adoption. Because the backbone
network was largely in place before 2007, the reform primarily increased the capacity of ex-
isting infrastructure rather than extending backbone coverage. Identification therefore comes
from differential post-upgrade changes associated with predetermined geographic conditions,
rather than from either geography or the timing of the expansion alone. The instrument is con-
structed exclusively from backbone nodes that were operational before the 2007 upgrade; links
that were planned or under construction at the time, as indicated in Figure 1, play no role in its
construction.

The nearest-node assignment should be interpreted as a proxy for the engineering cost of
extending high-quality connectivity rather than as a literal representation of network routing.
VNPT’s national backbone connected its provincial operating companies across the country, so
actual routing may also have reflected the organization of provincial networks and other engi-
neering considerations (Tuan, 2011). However, the terrain, soil, and hydrological characteris-
tics along the firm-node path capture variation in the difficulty of extending local connectivity.
Only about 8% of firms are assigned to a nearest node outside their province, and Section 5.6

shows that excluding these firms leaves the results unchanged.

Instrumental Variable Construction To operationalize this, specifically, for each firm, we
identify the closest backbone node based on Euclidean distance. We then draw a straight line
between the firm and this node and create a 3-kilometer (3 km) buffer around this path. We term
this buffer the connectivity buffer for future reference. Within this buffer, we compute summary
statistics (mean, standard deviation, minimum, and maximum) of geographic characteristics,

including hydrological features, soil properties, ruggedness, and elevation (see Table A.5 for
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the full list).

Because we include backbone node-by-year fixed effects, 6,,, identification is based on com-
paring changes in ICT adoption across firms within the same backbone-node catchment area. In
addition, we flexibly control for differential time trends by proximity to backbone infrastructure
by interacting the log distance to the nearest node, log(Dist Node;), with year dummies. While
prior studies use distance to backbone networks as a proxy for connection costs (Miner, 2015;
Geraci et al., 2022), motivated by the notion that effective connectivity declines with distance
(Banerji and Chowdhury, 2013), backbone nodes are typically strategically located near cities
and population centers, as shown in Panel A of Figure 1. As a result, distance may capture
not only connectivity-related frictions but also broader factors such as agglomeration forces
and historical development, which can independently influence local economic conditions and
tirm behavior. Although firm fixed effects absorb time-invariant spatial differences, distance
may still correlate with differential post-2007 trends; interacting distance with year fixed effects
ensures that our identification does not mechanically rely on proximity to backbone nodes.

Figure A.3 provides a schematic illustration of the geographic variation used in our iden-
tification strategy. The blue triangle denotes a backbone node. Firm A (green circle) and Firm
B (orange circle) both identify this node as their nearest backbone connection. The large black
dotted circle, centered at the node, illustrates that the two firms are located at a similar distance
from the backbone node for expositional purposes.

The solid green and orange lines represent the straight-line paths connecting each firm to
the node. Around each path, we construct a connectivity buffer (shown as dash-dotted corri-
dors in green and orange), within which geographic characteristics such as terrain, soil, and
hydrological features are aggregated. Although the two firms are equidistant from the same
backbone node, the geographic conditions within their respective connectivity buffers differ.
These differences imply heterogeneous connection costs and generate differential increases in
ICT adoption following the post-2007 broadband expansion. We use this differential exposure
to identify the effect of ICT adoption on female employment shares.

The exclusion restriction requires that, conditional on firm fixed effects, node-by-year fixed
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effects, and flexible controls for proximity to backbone, the interaction between geographic con-
nectivity conditions and the post-2007 indicator affects changes in a firm’s female employment
share only through its impact on ICT adoption. Since firm fixed effects absorb all time-invariant
channels through which local geography could influence employment composition, and node-
by-year fixed effects capture common local shocks, any remaining violation would have to arise
from time-varying local developments that coincide with the 2007 expansion.

A remaining concern is that geographic characteristics may influence urbanization, popu-
lation growth, or the placement of other infrastructure, generating differential post-2007 trends
correlated with our instrument. To address this, we control for time-varying population den-
sity within the connectivity buffer, log(pop).:, and allow for flexible trends by proximity to urban
centers by interacting log(DistCBD); with year fixed effects. We further mitigate concerns about
correlated infrastructure expansion by allowing for flexible time trends by proximity to other
major infrastructure networks, implemented by interacting log(DistInfras;) with year fixed ef-
fects, where log(DistInfras;) includes log distances to railways, major roads, and rivers.

A related concern is that Vietnam’s 2007 WTO accession, which coincided with the ICT ex-
pansion, may have placed more trade-exposed localities on different growth trajectories. In ad-
dition, internationally engaged and foreign-invested firms may employ larger shares of women.
To address these concerns, all specifications control for communes’ pre-2007 shares of foreign-
invested and trade-participating firms, FDI, and Trade,, each interacted with year fixed effects
(FDI, x 6, and Trade, x ;). These interactions allow communes with different initial exposure
to foreign investment and trade to follow flexible year-specific trajectories.

Following Abadie et al. (2023), who emphasize that standard errors should be clustered at
the level where treatment assignment or key identifying variation occurs, we cluster standard
errors at the commune level, where the geographic variables proxying ICT connectivity costs
are defined and where the key variation in our analysis arises. To ensure comparability in
connectivity environments, we restrict the sample to firms located within 20 km of a backbone

node.
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5 Main Results

5.1 First Stage

Given the large number of geographic characteristics that may affect firms” access to ICT in-
frastructure, including all candidate instruments in the first stage could lead to overfitting and
weak-instrument concerns (Bekker, 1994; Hansen et al., 2008). To address this issue, we employ
a Least Absolute Shrinkage and Selection Operator (LASSO) procedure to identify the optimal
set of instrumental variables, following Belloni et al. (2012). Intuitively, LASSO solves a penal-
ized first-stage regression that retains only the subset of instruments jointly predictive of the
endogenous regressor, shrinking the coefficients on uninformative variables to zero. Following
the notation of Liang et al. (2025), we refer to this step as the “zero-stage” LASSO regression.®

Our candidate instruments consist of interaction terms between geographic characteristics
of the connectivity buffer (geographic connectivity conditions), denoted Geo;, and the post-2007
indicator, Post07,. In the zero-stage, we apply LASSO to select the relevant subset of interac-
tions Geo; x Post07,, denoted selectGeo; x Post07,.

After applying the LASSO procedure in the zero stage, we estimate the first-stage regression

using the selected instrumental variables selectGeo; x Post07,. We run the following specifica-

tion:

ICTy = o + PrselectGeo; x PostOT, + ~; + On + X, 5o + ZL, 83 + €34, (2)

where all other variables besides the selected instrumental variables selectGeo; x Post07; are
defined as in equation (1).

Table 3 presents the estimation results. Out of 28 potential geographic characteristics, only
2-5 are selected by the LASSO procedure. To facilitate interpretation, we rescale all geographic
variables by dividing them by 10, so that coefficients correspond to economically meaningful

changes.

8This procedure has been widely applied in empirical work, including Beraja et al. (2023), Civelli et al. (2023), and
Liang et al. (2025).
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In column 1, where the dependent variable is the number of Internet-connected PCs per
worker, soil conditions are important predictors of ICT adoption. Mean soil bulk density enters
negatively: a one-standard-deviation increase is associated with 0.018 fewer Internet-connected
PCs per worker, equivalent to about 16% of the sample mean of 0.112.” Minimum soil coarse-
fragment content, by contrast, enters positively: a one-standard-deviation increase is associated
with 0.011 additional PCs per worker, or about 10% of mean adoption. These relationships are
consistent with local broadband infrastructure being less costly to install and maintain where
soil conditions are more favorable for trenching.

Hydrological conditions also play an important role. Greater mean water coverage is a
strong geographic predictor of lower adoption: a one-standard-deviation increase in surface
water coverage (about 1.3 percentage points) lowers adoption by about 0.017 PCs per worker,
roughly 15 percent of mean adoption, reflecting the high cost and technical difficulty of lay-
ing cables through water-covered areas. In contrast, greater variability in water presence is
associated with higher adoption: a one-standard-deviation increase in the variability of wa-
ter occurrence raises adoption by about 0.013 PCs per worker (roughly 12 percent of mean
adoption). This pattern is consistent with infrastructure being more easily routed in areas with
greater flexibility, such as along seasonally dry or elevated corridors that avoid persistently wet
terrain.

Finally, terrain ruggedness along the connection path reduces ICT adoption. A one-standard-
deviation increase in mean ruggedness lowers adoption by about 0.015 PCs per worker (roughly
13 percent of mean adoption), consistent with higher installation costs in uneven terrain.

Column 2 reports analogous results using LAN-connected PCs per worker. The estimates
are broadly similar, with soil conditions and water variability remaining the key predictors.
However, fewer variables are selected, and the first stage is weaker (see Table 4). This pattern is

consistent with our instruments capturing constraints to accessing external Internet infrastruc-

For each geographic variable, we calculate the reported magnitude by multiplying its first-stage coefficient by its
standard deviation in the estimation sample. We express the result both in PCs per worker and as a percentage
of mean Internet adoption in that sample. Using one-standard-deviation changes places variables measured in
different physical units on a common scale. The estimation-sample standard deviations are 0.468 for mean soil
bulk density, 2.085 for minimum soil coarse fragments, 1.006 for the standard deviation of water occurrence, 0.013
for mean water coverage, and 4.865 for mean ruggedness.
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ture, which are less directly relevant for internal networking decisions. Accordingly, we use
internet-connected PCs per worker as our primary measure of ICT adoption in the subsequent

robustness and mechanism analyses.

5.2 Results on Female Employment Shares

Panel A of Table 4 presents the estimated effect of ICT adoption using the number of Internet-
connected PCs per worker as the ICT measure. Each entry reports the coefficient on ; from
a specific specification of regression (1). Column 1 presents the OLS estimates from equation
(1). This specification controls for a range of firm-level characteristics, including log sales, log
assets, log employment, foreign and state ownership, as well as year and firm fixed effects.
It also includes node-specific time trends and distance-to-backbone-by-year trends to account
for regional trends and the non-random placement of backbone nodes. We find a positive and
statistically significant correlation between ICT adoption and the female labor share. The OLS
estimate of 0.037 implies that a one-standard-deviation increase in internet-connected PCs per
worker (0.215) is associated with a 0.8 percentage-point higher female labor share (0.215x0.037),
a modest partial correlation.

Column 2 addresses endogeneity by instrumenting ICT adoption with the interactions be-
tween post-2007 and geographic conditions along the path from each firm to its nearest back-
bone node, as described in Section 4, while retaining the controls from column 1. Column 3 ad-
ditionally controls for population growth and allows trends to vary with distance to the nearest
urban center. Our baseline specification in column 4 further includes year-specific trends in dis-
tance to major infrastructure networks, log(DistInfras;) x 6;, to account for the possibility that
topography jointly shapes infrastructure placement and post-2007 outcomes. It also adds the
commune-level trade-exposure controls, FDL, x 6, and Trade, x 6,, to absorb differential trends
by initial trade exposure.

Across all IV regressions (columns 2—4, panel A), the Kleibergen-Paap Wald [’-statistics
exceed 10, indicating strong instrument relevance (Kleibergen and Paap, 2006). The Kleiber-

gen—Paap LM test strongly rejects the null of underidentification, confirming that the instru-
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ments are relevant for the endogenous ICT adoption variable. In addition, the Anderson-Rubin
Wald test yields p-values below 0.05, suggesting that the IV estimates are robust to potential
weak-instrument concerns.

The results are consistent across columns 2—4 and indicate a substantially larger positive
effect of ICT adoption on the female labor share than the OLS estimate reported in column
1. Our baseline estimate (column 4) of 0.305 implies that a one-standard-deviation increase in
internet-connected PCs per worker (0.215) raises the female labor share by about 6.6 percentage
points (0.215 x 0.305), roughly one-fifth of the sample mean female labor share of 0.33. Equiva-
lently, moving a firm from the median to the 90th percentile of ICT adoption (from 0.03 to 0.31)
raises its female labor share by about 8.5 percentage points. These are economically meaningful
effects.

Panel B of Table 4 reports OLS and IV results using an alternative measure of ICT adoption:
the number of LAN-connected PCs per worker. The estimates consistently indicate a positive,
and slightly larger, effect of ICT adoption on the female labor share. The baseline IV estimate of
0.522 implies that a one-standard-deviation increase in LAN-connected PCs per worker (0.22)
raises the female labor share by about 11.5 percentage points.

Our IV estimates are larger than the OLS estimates for several reasons. First, OLS is likely
biased downward due to non-random selection into ICT adoption. Informality is pervasive in
developing countries (La Porta and Shleifer, 2014), and women face higher barriers to formal
employment (Duflo, 2012). As shown in Table A.3, in Vietnam, women are underrepresented
in the formal sector, where ICT adoption is more prevalent. This suggests that ICT expansion
may be concentrated in initially male-dominated areas or areas with lower female labor share,
attenuating the OLS estimates. Consistent with this interpretation, we find that the change in
ICT adoption is negatively correlated with baseline female labor share (significant at the 1%
level).

Second, the IV estimates capture a local average treatment effect (LATE), which may ex-
ceed the average partial correlation estimated by OLS. Our instrument, based on geographic

connectivity conditions interacted with the post-2007 expansion, primarily shifts ICT adoption
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for firms with more favorable connectivity, which may have greater scope for adjustment and
thus exhibit larger effects on female labor share.

Finally, measurement error in firm-level ICT variables may also contribute to the gap. Our
ICT measures are imperfect proxies for underlying digital adoption, and classical measurement
error would attenuate OLS estimates toward zero. The IV approach helps recover the effect of

the underlying adoption margin more accurately.

5.3 Parallel Trends

A key identifying assumption underlying our IV strategy is the exclusion restriction: the in-
teraction between geographic connectivity conditions and the post-2007 indicator affect female
labor share solely through ICT adoption, and not through any other channel that differentially
emerges after 2007. While this assumption is not directly testable, a necessary implication is
that, in the absence of the 2007 ICT expansion, female labor share would have evolved sim-
ilarly across firms facing different geographic connectivity conditions. This condition closely
corresponds to the parallel-trends assumption in difference-in-differences designs. Violations
of pre-trends would therefore provide direct evidence against the exclusion restriction, whereas
parallel pre-trends, while not sufficient to establish it, would indicate that geographic connec-
tivity conditions were not differentially predicting female labor share through channels other
than ICT adoption prior to the shock.

Indeed, if firm-level ICT adoption were not directly observed, our setting could be inter-
preted as a difference-in-differences framework with continuous treatment intensity (Nunn and
Qian, 2011; Geraci et al., 2022; Parker and Vogl, 2023; Callaway et al., 2024). Cross-sectional
variation in exposure is determined by each firm’s connectivity suitability, captured by the
geographic characteristics along the path to its nearest ICT backbone node, while time-series
variation arises from the nationwide ICT capacity expansion in 2007.

To assess the validity of this assumption, we construct a firm-level measure of treatment
intensity that isolates variation driven solely by predetermined geographic connectivity condi-

tions. Using the first-stage estimates in column 1 of Table 3 (based on equation (2)), we define
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treatment intensity as the fitted component of ICT adoption explained by the geographic con-

nectivity conditions selected by the LASSO procedure in the “zero-stage”:

T, = BlselectGeoi, (3)

where Bl is estimated from equation (2). By construction, 7; captures only variation in con-
nectivity suitability arising from predetermined geographic characteristics. It is therefore time-
invariant and varies across firms. Because firms are assigned to communes, 7T; varies at the
commune level and is common to all firms within the same commune.

The baseline 2004-2009 sample provides limited leverage for assessing pre-trends, particu-
larly because data are unavailable for 2006. We therefore extend the event study back to 2001
using outcome data from the 2001-2003 annual enterprise surveys. Because harmonized com-
mune identifiers are consistently available only from 2004 onward, we link earlier firm records
to their post-2004 commune locations using time-invariant firm identifiers and assign the cor-
responding predetermined treatment intensity. Since treatment intensity is time invariant, this
extension requires neither ICT data nor reconstruction of the instrument for the earlier years.
The extended event study is therefore limited to firms observed in the 20042009 sample. We do
not impose this linkage in the remaining analyses, as restricting the sample to firms observed
across coding regimes could introduce survivor bias; all other results use the baseline sample.!°
We then estimate the following event-study specification:

2009

FemaleS;; = oy + Z Br(1{Year, = 1} X T;) + v + Op + X}, 52 + 2, B3 + €3t 4)
+=2001

All variables are defined as in the baseline specification in equation (1) (column 4 of Table
4). The only difference relative to the baseline specification, besides not using IV, is that we
replace the endogenous ICT adoption variable /C'T;; with the treatment intensity 7;, interacted
with year indicators, (1{Year; = 1} x T;). The resulting coefficients, ;, trace out the year-by-
year relationship between geographically predicted connectivity intensity and the female labor

share.

19We omit 2006 throughout to maintain a consistent set of estimation years.
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Panel A of Figure 3 plots the estimated coefficients, 3;;. The figure traces the differential evo-
lution of female labor shares associated with treatment intensity relative to the pre-expansion
period. The absence of systematic differences in the pre-2007 coefficients provides evidence
consistent with the generalized parallel trends assumption in a continuous-treatment setting.!!
After 2007, the coefficients become positive and remain elevated. The effects are modest in
the first year after the expansion and appear slightly attenuated in 2008, potentially reflecting
broader macroeconomic disruptions associated with the 2008 global financial crisis. Thereafter,
the effects persist in subsequent years. As a further check, we re-estimate the baseline 2SLS on
this extended 2001-2009 panel: the estimate is essentially unchanged for both the internet and
LAN measures and remains significant under weak-IV-robust inference (Appendix Table A.6).

To provide a more transparent treated-versus-control comparison, we discretize treatment
intensity by assigning firms to quartiles of 7; within each backbone-node catchment area. Firms
in the lowest quartile form the control group, while those in the second, third, and fourth quar-
tiles define the low-, medium-, and high-exposure groups, denoted by 7}, T, and T!". We
then re-estimate specification (4), replacing the continuous treatment measure with indicators
for these three exposure groups. Panel B of Figure 3 reports the results. We find no evidence
of differential pre-trends before the 2007 expansion. After 2007, firms in the medium- and
high-exposure groups experience larger increases in female labor share relative to the lowest-
exposure quartile, although the differences across treated groups are not statistically signifi-
cant. This pattern is consistent with the IV estimates identifying effects among firms whose
ICT adoption is most responsive to the instrument, particularly those facing more favorable

connectivity conditions and greater scope to adjust.

Tn a difference-in-differences setting with continuous treatment, identification relies on the assumption that, ab-
sent the ICT shock, firms with different geographic connectivity conditions would have followed similar trends
(Callaway et al., 2024). Although this condition cannot be tested directly, the absence of differential pre-trends
in Figure 3, together with the fact that exposure intensity is predetermined and our specification flexibly absorbs
location-specific time variation, supports its plausibility.
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54 Medium-term Effects

In our instrumental variables analysis, firm-level ICT adoption is observed only through 2009,
which limits the main IV analysis to the 2004-2009 period. However, the effects of large-scale in-
frastructure expansion may take time to fully materialize. In this section, we therefore provide
additional evidence on the medium-term effects of ICT expansion using alternative empirical
strategies.

Our first approach exploits the fact that, while ICT adoption is observed only through 2009,
the outcome variable (female labor share) is available through 2011. This allows us to examine
medium-term outcome dynamics using the generalized difference-in-differences framework
developed in the parallel-trends analysis in Section 5.3. Rather than estimating a fully dynamic

event-study specification, we summarize the post-2007 effects by estimating;:

FemaleSy = ag + 1Ty x Post07; + ; + Ons + X, 82 + ZL, B3 + €, (5)

where T; denotes treatment intensity, defined in equation (3) as the fitted component of ICT
adoption explained solely by the geographic connectivity conditions. This specification is a
parsimonious version of the event-study regression in equation (4), replacing the full set of
interactions with a single post-2007 term so that 5, captures the average post-expansion effect.

We estimate this specification over two periods: 2004-2009, corresponding to our main sam-
ple, and 2004-2011 to capture medium-term effects.'> Panel A of Appendix Table A.7 reports
the results, with treatment intensity standardized for ease of interpretation. In column 1, a one-
standard-deviation increase in treatment intensity is associated with a 1 percentage-point larger
post-2007 increase in female labor share. Extending the sample through 2011 yields a similar
estimate of 1.1 percentage points, indicating that the effects of ICT expansion persist over the
medium term.

Figure A.4 provides complementary evidence from a longer-horizon (2001-2011) event-

study based on specification (4). The pre-treatment coefficients are small and statistically in-

2These estimates differ from the second stage of the baseline 2SLS results because they are based on a reduced-
form relationship using the treatment-intensity measure, which relies solely on variation predicted by geographic
conditions interacted with the post-2007 indicator.
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distinguishable from zero, consistent with the parallel trends assumption. After 2007, the co-
efficients become positive and remain elevated through 2011, indicating that the effects of ICT
expansion on female labor share persist in the medium term.

As a complementary approach, we implement a two-sample two-stage least squares (TS2SLS)
estimator (Angrist and Krueger, 1992). In the first stage, we estimate the relationship between
ICT adoption and the geographic connectivity conditions interacted with the policy shock (the
IVs) using the subsample with observed ICT data, and use the estimated coefficients to con-
struct predicted ICT adoption for the full sample. In the second stage, we regress female labor
share on this predicted measure of ICT adoption. This approach differs from the generalized
difference-in-differences framework above by recovering the structural effect of ICT adoption
rather than reduced-form exposure effects. At the same time, it is conceptually similar to our
baseline 2SLS specification, but extends it by leveraging a larger sample through predicted ICT
adoption.

Panel B of Appendix Table A.7 reports the TS2SLS estimates using the number of internet-
connected PCs per worker as the measure of ICT adoption. As in Panel A, we present results
for both the 2004-2009 sample and the extended 2004-2011 sample. The estimates indicate a
positive and statistically significant effect of ICT adoption on female labor share. In column
1 (2004-2009), the two-sample IV estimate is 0.190; extending the sample to 2004-2011 in col-
umn 2 yields 0.236, similar in magnitude, indicating that the effects persist over the medium
term, consistent with the patterns observed in Panel A. Panel C reports similar results using the
number of LAN-connected PCs per worker as the measure of ICT adoption.

To assess persistence, we estimate equation (5) over 2004-2011, separating the post-expansion
period into 2007-2009 and 2010-2011. The medium-run estimates are close to the short-run ef-
fects, and equality cannot be rejected for either Internet intensity (#' = 0.15, p = 0.70) or LAN
intensity (£ = 0.87, p = 0.35). The results therefore indicate persistence rather than continued
growth. This persistence is consistent with the structure of Vietnam’s ICT expansion, which pri-
marily increased capacity along an already established backbone network rather than building

entirely new infrastructure. As a result, although some additional investments, such as extend-

27



ing local connections or expanding bandwidth, were required, these “last-mile” improvements
could be implemented relatively quickly, allowing firms to benefit from enhanced connectivity

soon after the expansion.

5.5 Other Firm-level Outcomes

Effects on Employment Levels We have shown that ICT adoption increases the firm-level fe-
male labor share. This effect could arise either from firm expansion or from within-firm substi-
tution between male and female workers. To distinguish between these channels, we examine
log total, female, and male employment under our baseline specification (1).

Panel A of Table 5 shows no significant effect on total employment (column 1), suggesting
that ICT adoption does not induce meaningful expansion in firm size. Instead, ICT adoption
significantly increases female employment (column 2) while reducing male employment (col-
umn 3). These results suggest that the rise in the female labor share is driven primarily by
within-firm workforce recomposition—more female and fewer male workers—rather than by
overall employment growth. However, because the Anderson-Rubin Wald test yields a p value

of 0.079 for female employment, we interpret this evidence as suggestive.

Effects on Firm Entry and Exit We next examine whether ICT expansion affects firm dynam-
ics along the extensive margin, namely firm exit and entry. For exit, we construct a firm-level
indicator equal to one in the last year a firm appears in the census and estimate a discrete-time
hazard model relating exit to ICT adoption, instrumented using our baseline strategy. For entry,
because firms are not observed prior to entry, we instead analyze entry at the commune-year
level. We define the entry rate as the number of new firms entering a commune in a given
year divided by the total number of active firms, and estimate IV regressions of entry rates on
commune-level ICT exposure using the same instruments as in our baseline strategy. Addi-
tional details are provided in Appendix Section C.

Panel B of Table 5 finds no statistically significant effects of ICT expansion on firm exit or

entry (columns 1 and 2). However, the Anderson-Rubin weak-instrument-robust tests also fail
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to reject a zero effect, so the null results should be interpreted cautiously given their limited
precision. To further assess potential selection, we re-estimate the baseline specification using
a balanced panel of firms observed throughout 2004-2009 (column 3). The estimated effect is
similar to, and slightly larger than, that obtained from the full sample.

In sum, these findings suggest that our main results are not driven by selection and com-
positional changes in the firm population and instead reflect within-firm adjustments in labor

demand.

5.6 Robustness Checks

We conduct several robustness checks to assess the sensitivity of our main results. First, we
modify the construction of the instrument by excluding the 250-meter area surrounding each
firm from the connectivity buffer. This adjustment helps ensure that the instrument is not me-
chanically driven by firm-level geography. As shown in columns 3 and 4 of Appendix Table
A8, the resulting estimates remain significantly positive and consistent with the baseline re-
sults in column 4 of Table 4.

Second, our baseline instrument uses a 3 km-wide connectivity buffer along the path between
each firm and its nearest backbone node. This choice allows for deviations from the straight-
line connection path due to terrain and reflects the 250 m spatial resolution of our geographic
data. As a robustness check, columns 5 and 6 of Appendix Table A.8 use a narrower 0.5 km
buffer. The estimates remain positive but smaller and less precise, and the Anderson-Rubin
tests narrowly fail to reject the null at the 5% level (p = 0.073 and p = 0.055). We therefore view
these results as directionally consistent with, but weaker than, the baseline evidence.

Third, in our baseline specification, we restrict the sample to firms located within 20 km
of the nearest domestic backbone node to ensure comparable pre-2007 trends. Appendix Table
A.9 shows that our findings are robust to alternative distance thresholds of 25 km and 15 km.

Fourth, Appendix Table A.10 shows that our results are robust to alternative clustering
schemes, including clustering at the district, nearest-node, and province levels.

Fifth, Appendix Table A.11 examines the robustness of the results to additional fixed effects
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and alternative sample restrictions. Column 2 adds province xyear fixed effects, absorbing all
time-varying shocks common to firms within a province. The resulting estimate of 0.261 is close
to the baseline estimate of 0.305 in column 1 and remains significant under weak-instrument-
robust inference, although the first-stage F'-statistic declines because little geographic variation
remains after including these fixed effects. Column 3 restricts the sample to firms whose near-
est backbone node lies in the same province, approximately 92% of the sample, and yields a
similar estimate of 0.279. Column 4 restricts the sample to firms with positive ICT adoption
and produces an estimate of 0.360. Finally, column 5 drops the top 1% of the ICT distribution
and leaves the estimate virtually unchanged at 0.325, alleviating concerns that the results are
driven by outliers.

Finally, although our preferred instrument uses geographic connectivity conditions, which
more directly capture connection costs and mitigate concerns about non-random backbone-
node placement, we assess robustness using the distance-based instrument common in the
literature. Specifically, we instrument ICT adoption with the interaction between each firm’s
distance to the nearest backbone node and a post-2007 indicator. The specification includes the
same fixed effects, firm-level controls, and location characteristics as the baseline, except for
distance-by-year trends, which are collinear with the instrument.

Columns 3 and 4 of Table A.12 report the results. The estimates are smaller than the baseline
but remain broadly consistent with our main findings: 0.189 for Internet-connected PCs per
worker, compared with 0.305 in the baseline, and 0.242 for LAN-connected PCs per worker,

compared with 0.522.

6 Individual-level Labor Market Outcomes

Empirical Strategy To assess whether the firm-level effects translate into broader improve-
ments in female labor market outcomes, particularly in facilitating women’s transition into the
formal sector, where most gender gaps arise as documented in Section 3, and to further ex-
plore potential mechanisms, we complement the firm-level analysis with household-level data.

This allows us to examine a wider set of outcomes, including employment, wages, and sectoral
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reallocation.

Specifically, we use data from the Vietnam Household Living Standards Survey (VHLSS)
for the years 2002, 2004, 2006, 2008, 2010, and 2012. To construct the ICT treatment measure at
the household level, we geo-code each household at the commune level and compute the geo-
graphic connectivity conditions between the household’s location and the nearest ICT backbone
node. We then map these conditions into a treatment intensity measure by applying equation
(3) and the estimated 3; from the firm-level first stage, assigning each household the value
T.;) based on its commune of residence. Intuitively, this measure captures the intensity of ICT
exposure through firm adoption in the household’s commune.

We then estimate the following specification for the household-level analysis. Conceptu-
ally, this extends our firm-level generalized DiD framework in equation (5) by introducing an
additional layer of variation across gender using individual-level data, and can be interpreted

as a triple-difference (DDD) design:

Yi = ag + 1(T; x Post07, x Female;) + Po(T; X Post07;)
(6)
+ Bs(Female; x T;) + kgt + X}y Bs 4 Ve + Ot + 2,55 + €41

The dependent variable Y;; denotes the labor market outcome of individual ¢ in year ¢.
T; measures the treatment intensity in commune ¢ where individual i resides. Post07, is an
indicator equal to one for years 2007 and later, and Female; is an indicator for gender.

The coefficient 3, captures the effect of ICT expansion on male individuals, while the co-
efficient on the triple interaction, 3;, is our parameter of interest and measures the differential
impact of ICT expansion on women relative to men. Consistent with a triple-difference frame-
work, we include gender-by-year fixed effects, x, to flexibly account for gender-specific time
trends. We also include the interaction Female; x T; to allow for baseline differences in treat-
ment intensity across gender.

Unlike the firm-level data, which are structured as a panel, the household data consist of

repeated cross-sections.’® As a result, we cannot include household fixed effects. Instead, we

13 Although a household panel exists for the 2002-2004, 2004-2006, and 2006-2008 waves of the VHLSS (McCaig,
2025), we are unable to construct a sufficiently long panel that spans the 2007 policy shock while maintaining
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include commune fixed effects, 7., the most granular geographic unit available, and control for
a rich set of individual- and household-level characteristics X;;, including age and age squared;
marital status; education indicators; household size and its square; household composition (fe-
male share, adult share, and college-educated share); and average household education and age
(each with quadratic terms). We further include node-by-year fixed effects, 6,,, and the same
set of flexible locational trend controls, Z;;, as in the firm-level specification in equation (1).
Finally, consistent with our main firm-level analysis, we restrict the sample to individuals re-

siding within 20 km of the nearest backbone node.

Results Table 6 reports the results. For each panel, even-numbered columns present estimates
from specification (6). Our main parameter of interest is the coefficient on the triple interaction
term, 3;, which captures the differential effect of ICT expansion for women. Odd-numbered
columns report estimates from a standard difference-in-differences specification without the
gender interaction, capturing the overall effect of ICT expansion. Treatment intensity 7; is stan-
dardized to facilitate interpretation.

Panel A examines overall labor supply and formal employment. We find no statistically sig-
nificant effects of ICT expansion on the probability of working or on formal-sector employment,
nor any differential effects by gender. Consistent with this, Table A.13 shows no meaningful
impacts on self-employment, salaried work, household income, or working hours. While there
is some suggestive evidence of reduced engagement in secondary jobs and housework, these
effects are small and not gender-specific.'* Overall, these results indicate that ICT expansion
does not operate through increased labor force participation or job creation, consistent with our
tirm-level evidence (Table 5), which shows no effect on total employment.

Given that ICT adoption occurs primarily within formal firms and is most relevant for

formal-sector activities, Panel B focuses on outcomes among formal-sector workers.!> Columns

adequate variation in ICT exposure.

4Worked is defined as whether an individual worked in the previous year. Self-employment refers to work in
household production or household business activities. Salaried work refers to employment for wages. For-
mal employment includes employment in private firms, state-owned enterprises, public institutions, or foreign-
invested firms.

>Because Panels B and C condition on employment in the formal and informal sectors, respectively, their observa-
tion counts sum to the number of employed individuals rather than to the full Panel A sample. Wage outcomes
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1-2 examine sectoral reallocation within the formal sector. The positive and statistically signifi-
cant coefficient on the triple interaction term in column 2 indicates that ICT expansion increases
women’s likelihood of working in non-agricultural activities relative to men. Quantitatively, af-
ter 2007, a one-standard-deviation increase in treatment intensity leads to a roughly 2 percent-
age point larger increase in non-agricultural employment for women than for men. This reflects
a differential shift of women, rather than men, toward non-agricultural activities in response
to ICT expansion. This estimate captures a gender differential rather than an absolute increase
for women: the implied total effect for women is small and statistically indistinguishable from
zero. This pattern is consistent with our firm-level findings that ICT adoption increases the
female share of employment in formal firms.

Turning to earnings, columns 3—4 show that ICT expansion significantly increases hourly
wages among formal-sector workers. After 2007, workers in communes with a one-standard-
deviation higher treatment intensity earn approximately 8-9 percent higher wages relative to
those in lower-intensity communes. The triple interaction term in column 4 is small and statis-
tically insignificant, indicating that these wage gains are broadly similar for men and women.

Panel C examines the informal sector and shows little evidence of any effects. ICT expan-
sion does not significantly affect sectoral allocation or wages, either overall or differentially by
gender, indicating that its labor market impacts are concentrated in the formal sector where ICT
adoption takes place.

We also provide evidence consistent with the parallel trends assumption in Figure A.5. The
key parameter of interest is 3, in specification (6), which captures the differential effect of ICT
expansion across gender. To assess pre-trends, we replace the interaction term (7; x Post07; X
Female;) with a full set of time interactions, (7; x 1{Year; = 1} x Female;), and plot the year-
specific coefficients ;. Across all outcomes, we find no statistically significant differential
pre-trends by gender prior to 2007.

Taken together, these results suggest that ICT expansion affects gender differences in labor
market outcomes primarily through compositional changes within the formal sector, rather

than through aggregate employment effects. While ICT raises formal-sector wages for men, its

are further restricted to wage earners.
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effects along other margins are limited, especially relative to those for women. This pattern
is consistent with a growing body of empirical evidence. Our findings align with Juhn et al.
(2014), which document that in Mexico, technological change reduces demand for physically
demanding tasks and increases women’s relative employment and wages in blue-collar work,
with men losing ground on the employment margin. Dettling (2017) finds that high-speed
home internet in the United States raises labor force participation among married women, with
no corresponding effects for single women or men. Similarly, Viollaz and Winkler (2022) show
that mobile broadband adoption in Jordan increases female labor force participation without
affecting men. In a broader cross-country context, Chiplunkar and Goldberg (2022) find that
3G expansion across low- and middle-income countries substantially raises female labor force
participation, with more limited effects for men, and that gender differences in job composition

are nuanced rather than uniformly favoring one group.

7 Mechanism

Our results show that ICT expansion increases the female share of firm employment with-
out significantly increasing total employment, firm entry, or transitions into formal-sector em-
ployment. These patterns suggest that ICT primarily changes the composition of employment
within firms rather than generating a broad increase in labor demand. As discussed in the In-
troduction, the task-based literature suggests that ICT may alter production processes in ways
that increase the relative demand for tasks in which women have a comparative advantage. In
this section, we examine this mechanism using firm- and individual-level evidence.

We focus on five dimensions of task content: routine, manual, social, customer-facing, and
service-oriented tasks.'® ICT tends to substitute for routine and manual tasks while comple-
menting non-routine work involving interpersonal interaction, customer engagement, and ser-

vice provision. Prior research also suggests that women have a comparative advantage in so-

16Routine tasks consist of repetitive, rule-based activities; manual tasks require physical effort; social tasks involve
interpersonal communication and coordination; customer-facing tasks require direct interaction with clients; and
service-oriented tasks emphasize care, assistance, or support.
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cial and service-oriented work relative to physically intensive manual tasks.!” Consistent with
this premise, the female labor share in our data is positively correlated across industries with
service, customer-facing, and social task intensity, with correlations of 0.24, 0.21, and 0.13, re-
spectively, and negatively correlated with manual task intensity (—0.34). Its correlation with
routine task intensity is close to zero (—0.06).

This mechanism yields two testable predictions. First, the effect of ICT adoption on the
female employment share should be larger in industries that rely less on routine and manual
tasks and more on social, customer-facing, and service-oriented tasks. We test this prediction
using firm-level data by examining heterogeneity across industries with different task inten-
sities. Second, ICT exposure should shift women’s occupational allocation, relative to men’s,
away from routine and manual tasks and toward social, customer-facing, and service-oriented
tasks. We test this prediction using individual-level data.

To implement these tests, we construct task-intensity measures from U.S. O*NET occupa-
tional data and standard task-based classifications (U.S. Department of Labor, Employment and
Training Administration, 2025). For the household analysis, we merge task measures directly
using workers’ reported occupations. Because the enterprise surveys contain industry but not
detailed occupation codes, we construct industry-level task intensities for the firm analysis by
combining occupational task scores with industry-level occupational employment shares. Ap-

pendix Section B provides further details.

Firm Level Evidence We first examine whether the effect of ICT adoption varies with industry-

level task intensity by estimating

FemaleSy = ag + B1ICTy + Pl CTy x TaskIntensity; + v + Opt + Nime
(7)
+ X, 83 + Zi, B4 + €51

Relative to equation (1), this specification interacts ICT adoption with standardized industry-

level task intensity, T'askIntensity;. We instrument /CT};, and its interaction with task intensity

7See, among others, Autor et al. (2003); Autor and Dorn (2013); Deming (2017); Acemoglu and Restrepo (2020);
Welch (2000); Rendall (2018); Blau and Kahn (2017), and Cortes and Pan (2018).
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using selectGeo; x Post07, and selectGeo; x Post07, x T'askIntensity;, respectively, and include
the baseline controls and sector xyear fixed effects, 1,,,. The latter absorb broad sector-specific
trends that may be correlated with both task composition and female employment.

Panel A of Table 7 reports the results. Column 1 reproduces the baseline estimate, while
columns 2-6 estimate equation (7) by interacting ICT adoption with routine, manual, social,
customer-facing, and service-oriented task intensity. The interactions with routine and manual
intensity are negative and statistically significant: a one-standard-deviation increase in either
measure reduces the estimated effect of ICT adoption by 0.053-0.059, roughly one-fifth of the
baseline effect. By contrast, the interactions with social, customer-facing, and service-oriented
intensity are positive and significant, increasing the estimated effect by approximately 0.04—
0.05. Thus, ICT adoption has larger effects on female employment in industries that rely more
heavily on interpersonal and service-oriented tasks and smaller effects in routine- and manual-

intensive industries.

Individual Level Evidence Panel B of Table 7 uses VHLSS occupational data to examine
whether ICT expansion differentially changes the task content of women’s and men’s employ-
ment. We harmonize occupations across survey waves, link them to the task measures de-
scribed in Appendix B, and estimate specification (6) with standardized task intensity as the
outcome. The coefficient on 7; x Post07, x Female; is negative and significant for routine
tasks, indicating that greater ICT exposure shifts women, relative to men, away from routine
occupations. Manual task intensity also declines, but the gender difference is not statistically
significant. In contrast, the corresponding coefficients for social, customer-facing, and service-
oriented tasks are positive and significant. Quantitatively, a one-standard-deviation increase
in treatment intensity reduces women'’s relative routine-task intensity by about 0.03 standard
deviations and raises their relative social, customer-facing, and service-oriented task intensity
by 0.03-0.04 standard deviations. These shifts are meaningful relative to baseline occupational
sorting: before the expansion, women worked in occupations that were 0.26 and 0.33 standard
deviations less routine- and manual-intensive than men’s, and 0.18, 0.16, and 0.37 standard de-

viations more intensive in social, customer-facing, and service tasks. The estimated changes
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therefore amount to roughly one-tenth of the baseline gender gap in routine and service tasks

and about one-fifth of the gap in social and customer-facing tasks.

Additional Heterogeneity: By Sector and Firm Size We next examine heterogeneity by sec-
tor and firm size. These broad firm characteristics may capture differences in production scale,
initial ICT adoption, and the scope for organizational adjustment, but they should not be in-
terpreted as direct tests of the task-reallocation mechanism. We extend specification (7) by in-
teracting instrumented ICT adoption with indicators for manufacturing and firm size—small,
medium, and large, defined by terciles of initial employment—in place of T'askIntensity;.

Table A.14 reports the results. Column 1 presents the baseline estimate for reference. Col-
umn 2 shows stronger effects among larger firms: the interaction coefficients for medium and
large firms are 0.33 and 0.24, respectively, and both are statistically significant relative to small
firms. Column 3 also shows a larger effect in manufacturing, with an additional effect of 0.28
relative to non-manufacturing firms. Although the Kleibergen-Paap F statistics for these inter-
action specifications are modest, the relevant effects remain significant under weak-instrument-
robust inference.

The larger manufacturing estimate likely reflects a combination of firm characteristics rather
than task composition alone. Manufacturing firms in our sample are substantially larger on
average, start from lower levels of ICT adoption per worker (0.03 versus 0.12 internet-connected
PCs per worker), and have somewhat higher initial female labor shares (0.41 versus 0.37). Their
greater scale and larger scope for ICT expansion may therefore make employment adjustments
more pronounced. At the same time, manufacturing is more routine- and manual-intensive
than services, while the task-intensity results show smaller effects in industries that rely more
heavily on these tasks. The sector comparison and the task-intensity analysis thus capture
different margins of heterogeneity.

Taken together, the results suggest that the employment effects of ICT depend both on the
task content of production and on firms” capacity to adopt and adjust to new technology. The
task-intensity estimates provide the clearest evidence for the proposed reallocation mechanism,

while the sector and size patterns indicate that firm scale and initial adoption opportunities also
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shape the magnitude of the response. We therefore view task reallocation as an important, but

not exclusive, channel through which ICT increases the female share of employment.

8 Conclusion

This paper investigates the impact of Information and Communication Technologies (ICT) on
female labor market outcomes, focusing on Vietnam, a rapidly growing developing economy
that underwent a large-scale upgrade of its ICT infrastructure in 2007. Using detailed firm-
level data, we exploit exogenous variation in access to ICT infrastructure, arising from both the
timing of the 2007 broadband upgrade and the geographic constraints of connecting to back-
bone nodes. Our instrumental variable estimates show that improved ICT access significantly
increases the female employment share within firms.

We find that these gains are primarily driven by labor reallocation within the formal sec-
tor, with women becoming more likely to transition from agricultural to non-agricultural em-
ployment. The effects are strongest in industries with lower routine task intensity and greater
reliance on social and service-oriented tasks. This pattern is consistent with a task-based mech-
anism: ICT complements non-routine, interpersonal, and cognitively intensive activities, do-
mains in which women tend to have comparative advantages. Individual-level evidence fur-
ther supports this mechanism.

While ICT expansion generates positive wage effects in the formal sector, it does not sig-
nificantly increase overall employment or transitions into formal work. These findings suggest
that the benefits of digital infrastructure depend critically on broader institutional and labor
market conditions, particularly barriers to entering the formal sector, which remain substantial
in many developing countries (La Porta and Shleifer, 2014; McCaig and Pavcnik, 2018; Ulyssea,
2018). We also find that effects are larger in manufacturing and among larger firms, where
adoption is more feasible and task reallocation is more flexible. This implies that reducing
barriers to technology adoption may help amplify the gender-equalizing effects of ICT expan-
sion. Although our analysis focuses on Vietnam, the underlying mechanisms, task reallocation

and adoption frictions, are likely to apply more broadly to other countries undergoing similar
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digital transitions. Future research could examine how rapidly evolving technologies, such as

artificial intelligence, further reshape labor market outcomes and gender disparities.

Declaration of generative Al and Al-assisted technologies in the writing process During the
preparation of this work, the authors used ChatGPT to proofread and improve the language and Claude
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Table 1: DESCRIPTIVE STATISTICS OF MAIN VARIABLES, FIRM LEVEL

Mean Std. Dev. Obs.

Outcome
Female labor share 0.331 0.230 180,025

ICT adoption
Internet-connected PCs per worker  0.112 0.215 180,025
LAN-connected PCs per worker 0.101 0.220 175,838

Firm characteristics

Log employment 3.805 1.231 180,025
Log total revenue 9.209 2.058 180,025
Log assets 9.261 1.714 180,025
Foreign-owned (0/1) 0.093 0.291 180,025
State-owned (0/1) 0.100 0.300 180,025

Notes: This table reports means, standard deviations, and the number of firm-year observations for the main
variables, computed on the estimation sample used in our headline specification—firms within 20 km of the nearest
backbone node over 2004-2009 with non-missing ICT adoption and control variables (column 4 of Table 4, N =
180,025). The LAN measure is available for slightly fewer firm-years. The female labor share is the share of female
workers in total firm employment (a 0-1 fraction); ICT adoption is measured as the number of internet- or LAN-
connected PCs per worker and enters the regressions in levels. “Foreign-owned” and “State-owned” are indicator
variables; the omitted reference category is domestically, privately owned firms.

Table 2: DISTANCE OF FIRMS AND INDIVIDUALS TO THE NEAREST DOMES-
TIC BACKBONE NODE

Panel A Total Admin Units

Firm Level Individual Level

Number of Provinces 64 63
Number of Districts 665 679
Number of Communes 6,997 3,496
Panel B
Firm Level Individual Level

Total Percentage Total  Percentage
# Located within 5 km from the Backbone 34,272 29% 47 451 8%
# Located within 10 km from the Backbone 70,047 60% 144,989 25%
# Located within 15 km from the Backbone 91,746 78% 251,359 43%
# Located within 20 km from the Backbone 102,920 88% 336,533 58%
# Located within 25 km from the Backbone 108,724 93% 413,222 71%
Total 117,333 100% 584,209 100%

Notes: This table summarizes the spatial distribution of firms and individuals relative to the nearest domestic
backbone node. Firm-level data are drawn from the Vietnam Enterprise Survey (2004-2009), while individual-
level data come from the Vietnam Household Living Standards Survey (VHLSS, 2002-2012). Panel A reports
the number of administrative units covered in each dataset at the province, district, and commune levels. Panel
B reports the distribution of firms and individuals across distance bins relative to the nearest backbone node,
including total counts and cumulative percentages.
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Table 3: FIRST STAGE

# PCs w/ Internet # PCs w/ LAN
per Worker (level) per Worker (level)
D (2
Soil Bulk Density (mean) x Post07; -0.038*** -0.024***
(0.010) (0.009)
Soil Coarse Fragments (min) x Post07, 0.005** 0.007***
(0.002) (0.002)
Observed Water Coverage (mean) x Post07; -1.302%**
(0.215)
The Frequency Water was Present (std) x Post07, 0.013***
(0.003)
Ruggedness (mean) x Post07, -0.003***
(0.001)
N 180,025 175,838
N Clusters 3,423 3,411
Adj. R? 0.643 0.636

Notes: This table reports first-stage estimates from equation (2), relating ICT adoption to geographic connectivity
conditions interacted with the post-2007 indicator, as selected by the LASSO procedure. For ease of interpretation,
all geographic variables are rescaled by dividing by 10. Column 1 uses the number of internet-connected PCs
per worker as the dependent variable, while Column 2 uses the number of LAN-connected PCs per worker. The
sample is restricted to firms located within 20 km of the nearest backbone node. Robust standard errors are
clustered at the commune level. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 4: MAIN RESULTS, STEPWISE SPECIFICATIONS

Panel A: 1) ) 3) 4)
OLS v v v
# of PCs w/ internet per worker 0.037***  (0.227** 0.250**  0.305***

(0.004)  (0.090) (0.110)  (0.103)

N 180,025 180,025 180,025 180,025
N Clusters 3,423 3,423 3,423 3,423
Kleibergen-Paap Wald Rank F Stat 16.131 13.672  14.489
Under Id. Test (KP Rank LM Stat) 94309 50580  77.456
p-Value 0.000 0.000 0.000
AR Wald Test (Weak IV Robust Inf.) 15.309 12.655 18.940
p-Value 0.018 0.013 0.002
Panel B: 1) (2 3 )
OLS v v v
# of PCs w/ LAN per worker 0.023*** (0.363*** (0.387** (.522%**

(0.004)  (0.138)  (0.140)  (0.155)

N 175,838 175,838 175,838 175,838
N Clusters 3,411 3,411 3,411 3,411
Kleibergen-Paap Wald Rank F' Stat 7.595 8.767 10.210
Under Id. Test (KP Rank LM Stat) 23.749 26.851 23.067
p-Value 0.000 0.000 0.000
AR Wald Test (Weak IV Robust Inf.) 11.327 12.868 17.533
p-Value 0.010 0.005 0.000
Firm Level Control Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Node-Year FE Yes Yes Yes Yes
Distance to Node x Year Yes Yes Yes Yes
Population Yes Yes
Distance to Urban Center x Year Yes Yes
Distance to Infrastructure x Year Yes
Initial Trade Exposure x Year Yes

Notes: This table reports OLS and IV estimates of the effect of ICT adoption on female labor share. Each cell reports
the estimated coefficient on ICT adoption from a specification of equation (1). Column 1 presents OLS estimates,
while Columns 2—4 report IV-LASSO estimates with progressively richer controls, as indicated in the table. Panel
A uses the number of internet-connected PCs per worker as the measure of ICT adoption, while Panel B uses
the number of LAN-connected PCs per worker. The sample is restricted to firms located within 20 km of the
nearest backbone node. Robust standard errors are clustered at the commune level. Kleibergen—Paap (KP) Wald
F-statistics, underidentification tests (KP LM), and Anderson—-Rubin (AR) weak-IV robust tests are reported for IV
specifications. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

47



Table 5: ICT AND OTHER FIRM-LEVEL OUTCOMES

Panel A: Employment

Log Total Employment Log Female Employment Log Male Employment
(¥Y) (2) 3
# of PCs w/ internet per worker 0.604 0.925** -0.625***
(0.555) (0.376) (0.207)
N 180,025 180,025 180,025
Kleibergen-Paap Wald Rank F' Stat 13.015 14.489 14.489
AR Wald Test (Weak IV Robust Inf.) 18.601 9.862 23.777
p-Value 0.002 0.079 0.000
Panel B: Entry and Exit
Entry Rate Female Share
Exit (1 0) (Commune Level) (Balanced Panel)
(1) (2 (3
# of PCs w/ internet per worker -0.067 0.225 0.355***
(0.244) (1.491) (0.111)
N 157,539 17,786 104,367
Kleibergen-Paap Wald Rank F' Stat 10.415 8.648 11.969
AR Wald Test (Weak IV Robust Inf.) 7.032 4.548 16.925
p-Value 0.318 0.603 0.010

Notes: This table reports the effects of ICT adoption on outcomes other than female labor share. Panel A examines
total employment using specification (1), with outcomes as indicated in the column headers. Panel B examines
firm entry and exit. Column 1 estimates firm exit using specification (8). Column 2 examines firm entry at the
commune level, as described in Appendix Section C. Column 3 re-estimates the baseline specification (1) using a
balanced panel. ICT adoption is measured using the number of internet-connected PCs per worker. All regressions
use the same set of instruments as reported in Column 1 of Table 3. The sample is restricted to firms located within
20 km of the nearest backbone node. Robust standard errors are clustered at the commune level. */**/*** denotes
significant at the 10% / 5% / 1% levels.
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Table 6: INDIVIDUAL LABOR MARKET OUTCOMES AND ICT BY GENDER

Panel A: Overall Employment and Formal Sector

Worked (1 0) Formal (1 0)
1 (2) (3) @)
Treatment Intensity x Post 2007 -0.002 -0.004 0.000 0.003
(0.006) (0.006) (0.007) (0.007)
Treatment Intensity x Post 2007 x Female 0.004 -0.005
(0.004) (0.004)
N 242,374 242,374 193,943 193,943

Panel B: Formal Employment
Non-Ag Sector (10) Hourly Wages (Log)

1 (2) (3) @)
Treatment Intensity x Post 2007 -0.015 -0.024 0.081**  0.089***
(0.020) (0.020) (0.032) (0.032)
Treatment Intensity x Post 2007 x Female 0.021*** -0.016
(0.007) (0.012)
N 42,689 42,689 41,713 41,713

Panel C: Informal Employment
Non-Ag Sector (10) Hourly Wages (Log)

(1) () (3) @
Treatment Intensity x Post 2007 -0.018 -0.012 0.002 0.005
(0.017) (0.017) (0.033) (0.033)
Treatment Intensity x Post 2007 x Female -0.016 -0.008
(0.011) (0.013)
N 46,083 46,083 41,269 41,269

Notes: This table presents the effects of firm-level ICT adoption on individual labor market outcomes. Each cell
reports the effect for men and the female differential (the two treatment-interaction coefficients from equation (6)),
with dependent variables indicated in the column headings. Panel A reports results for overall employment and
formal sector participation. Panel B restricts the sample to workers in the formal sector, while Panel C focuses
on workers in the informal sector. Panel A includes all sampled individuals and reports outcomes defined for
everyone (whether the individual worked, and whether that work is formal). Panels B and C instead condition
on individuals employed in the formal and informal sectors, respectively, so their observation counts sum to
employed individuals rather than to the full Panel A sample; the hourly-wage columns are further restricted to
wage earners. In each panel, the first row (Treatment Intensity x Post 2007) reports the effect for men, the reference
category, and the second row (which adds the interaction with Female) reports the female differential; the total
effect for women is the sum of the two. The sample is limited to individuals located within 20 km of the nearest
backbone node. Robust standard errors are clustered at the commune level. */**/*** denotes significant at the 10%
/ 5% / 1% levels.
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Table 7: THE TASK-REALLOCATION MECHANISM: FIRM- AND
INDIVIDUAL-LEVEL EVIDENCE
Baseline By Task Intensity
Routine Manual Social Customer Service
1) (2) 3) 4) (5) (6)
Panel A: Firm level
# of PCs w/ internet per worker 0.305***  0.336** 0222 0.350***  0.347*** 0.257%
(0.103) (0.142) (0.154) (0.133) (0.129) (0.142)
.. x Task Intensity -0.053* -0.059* 0.036* 0.038** 0.052**
(0.030) (0.032) (0.021) (0.019) (0.020)
N 180,025 162,933 162,933 162,933 162,933 162,933
Kleibergen-Paap Wald Rank F' Stat 14.489 6.495 6.270 7.470 7.716 6.848
AR Wald Test (Weak IV Robust Inf.) 18.940 113.161 116.480  96.493 94.280 96.464
p-Value 0.002 0.000 0.000 0.000 0.000 0.000
Panel B: Individual level
Treatment Intensity x Post07; -0.012 -0.061**  -0.028 -0.025 -0.046*
(0.030) (0.031) (0.028) (0.026) (0.028)
.. X Female, -0.026* -0.007  0.038*** 0.035** 0.039**
(0.015) (0.015) (0.014) (0.015) (0.016)
N 84,500 84,500 84,500 84,500 84,500

Notes: This table reports the two tests of the task-reallocation channel. Panel A presents firm-level 2SLS estimates
of the effect of ICT adoption on the female labor share, allowing the effect to vary with industry-level task intensity
(equation (7)). Column 1 reproduces the baseline estimate (column 4 of Table 4); columns 2-6 restrict the sample to

industries with available O*NET task-intensity measures and add the interaction between ICT adoption and each

task-intensity measure, additionally controlling for sector-by-year fixed effects so the interactions are identified net
of manufacturing-versus-services trends. Because of the sample restriction and the added controls, the column-1

sample differs from columns 2-6; the instruments (and their task-intensity interactions) are those in column 1 of

Table 3. Panel B presents individual-level estimates (equation (6)) using occupational task intensity as the outcome,

standardized to mean zero and unit standard deviation in the estimation sample; the coefficients are in standard-

deviation units. Both panels restrict to units within 20 km of the nearest backbone node. Standard errors are
clustered at the commune level. */**/*** denote significance at the 10% / 5% / 1% levels.
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Figure 1: Vietnam’s Terrestrial Backbone Network and Commune Distribu-
tion

(A) DiGITIZED COMMUNE MAP (B) DOMESTIC TERRESTRIAL BACKBONE
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Notes: This figure provides an overview of Vietnam'’s terrestrial backbone network and the spatial distribution of
communes. Panel A plots the locations of Vietnam’s main terrestrial backbone nodes (red) alongside the centroids
of communes (blue). Administrative boundaries correspond to first-level divisions (provinces). The backbone
node locations are digitized from ITU transmission network data. The province boundaries and commune cen-
troids used in the digitized map are obtained from the GADM database (version 3.4, April 2018). Panel B presents
the original map of Vietnam’s terrestrial backbone network and node sites, provided by the International Telecom-
munication Union (ITU) and Vietnam Telecom National (VIN), obtained from VNPT-I and depicting the network
circa 2009 (the map marks certain lines as planned for deployment in 2010). The network consists of fiber-optic
transmission lines connecting major cities, including Hanoi (white dot) and Ho Chi Minh City (pink dot), as well
as regional networks in the North, Northeast, Central, and Southern regions. As indicated in the map legend,
existing inter-provincial backbone lines are shown as solid red lines, lines under construction as dashed orange
lines, and lines planned for deployment in 2010 as purple lines; blue, green, and cyan lines denote VTN-managed,
EVN, and Viettel fiber-optic lines, respectively. VIN nodes (telecommunication stations) appear as circled dots
and line branching points as small red dots. Our instrument relies on the locations of backbone nodes that were
operational prior to the 2007 capacity upgrade; the planned and under-construction segments shown in the map
play no role in constructing the instrument.
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Figure 2: Female Labor Share and Firm ICT Adoption
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Notes: This figure presents binned scatter plots of firms’ female labor share against their eventual (post-2007) ICT
adoption, separately for the pre-expansion years (20042006, left panel) and the post-expansion years (2007-2009,
right panel). ICT adoption is measured as the number of internet-connected PCs per worker and is plotted on the
log(1 4 x) scale for readability. We repeat the same exercise for the LAN measure in Appendix Figure A.2.
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Figure 3: Pre-trend Using Predicted ICT Exposure
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Notes: This figure presents event-study estimates from specification (4). Panel A plots the estimated coefficients
on the continuous treatment intensity 7;, denoted by 5, along with 95% confidence intervals. The estimation
window is 2001-2009, extending the pre-treatment period back to 2001 (see Section 5.3); 2005 is the reference year,
and 2006 is excluded because firm-level ICT adoption is not collected in that year. Panel B reports results using
a discretized measure of treatment intensity, where firms are grouped into quartiles based on T;. The darkest
markers correspond to high exposure (7)), the medium shade to intermediate exposure (7"), and the lightest
shade to low exposure (7).
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A Appendix Tables and Figures

Table A.1: QUALITY OF BROADBAND INTERNET ACROSS SELECT COUN-
TRIES

Country Speed Affordability
(bits per second per Internet user) ($ per month)
PRC 6,530 19
Indonesia 6,584 29
Cambodia 17,792 12
Viet Nam 24,374 3
Malaysia 34,119 10
Philippines 37,409 22
Thailand 64,907 19
United States 99,147 16

Notes: This table presents cross-country comparisons of broadband Internet quality, measured by average connec-
tion speed and affordability. Internet speed is expressed as bits per second per user, while affordability is captured
by the average monthly subscription cost (in U.S. dollars). The data are drawn from the World Bank’s World De-
velopment Indicators (accessed October 10, 2017).

Table A.2: VIETNAM ANNUAL WAGES FOR WAGE WORKERS BY GENDER
AND EDUCATION (THOUSAND VND)

2004 2012
Male Female Ratio Male Female Ratio
No Education 4,475 3,203 1.40 21,470 14,890 1.44
Primary 6,198 4,743 1.31 26,990 22,284 1.21
Secondary 7,197 5,909 1.22 31,054 25,835 1.20
High School 11,520 11,043 1.04 44,399 39,486 1.12

College and Above 21,781 17,459 1.25 87,322 66,336 1.32

Notes: This table reports average annual wages (in thousand VND) for wage workers in Vietnam, by gender and
educational attainment, for 2004 and 2012, using data from the Vietnam Household Living Standards Survey. The
“Ratio” column presents the male-to-female wage ratio within each education category. Statistics are based on
individuals aged 15-65.
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Table A.3: VIETNAM LABOR FORCE STATISTICS BY GENDER

2004 2012
Male Female Male Female
Employment status of those in labor force
Work for Salary 42.8 26.1 46.9 30.1
Formal Sector 20.8 15.5 25.3 21.6
Private Company (Main Job) 4.6 2.9 10.0 7.4
State-owned enterprises (Main Job) 119 9.3 10.6 9.4
Education of those in labor force
No Education 18.4 25.8 15.9 21.5
Primary 28.9 27.5 259 259
Secondary 32.4 29.6 31.2 28.8
High School 16.3 14.7 204 18.6
College and Above 3.9 2.3 6.5 5.0

Notes: This table reports labor force statistics in Viethnam by gender for 2004 and 2012, using data from the Vietnam
Household Living Standards Survey. It presents employment status and educational attainment for individuals
aged 15-65. All values are expressed in percentages.
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Table A.4: SUMMARY STATISTICS ON ICT VARIABLES, FIRM LEVEL

2004 2005 2007 2008 2009

Number of PC with Internet per Worker  0.05 0.07 0.11 0.13 0.15
(0.14)  (0.18) (021) (0.22) (0.24)

Number of PC with LAN per Worker 0.05 0.07 0.10 0.12 0.12
(0.16) (0.19) (0.22) (0.23)  (0.24)

Observations 37,727 46,996 51,619 46,599 51,074

Notes: This table reports summary statistics for the ICT adoption measures used in our analysis, disaggregated by
year. The data are drawn from the Vietnam Enterprise Survey (2004-2009). Column headers indicate the survey
year; each cell reports the mean, with standard deviations in parentheses.

Table A.5: GEOGRAPHIC CHARACTERISTICS LIST

Variable Name Description Source Resolution
Hydrology:

occurrence The frequency with which water was present. =~ JRC Global Surface Water 250m
max_extent Equals one where water has ever been detected. JRC Global Surface Water 250m
Soil:

bdod Bulk density of soil. SoilGrids 250m
cfvo Coarse fragments in the soil. SoilGrids 250m
sand Percentage of sand in the soil. SoilGrids 250m
Terrain:

elevation Elevation in meters. NASA SRTM 30m
TRI Ruggedness Index by Nunn and Puga (2012). Nunn and Puga (2012) 30 arc-second

Notes: This table summarizes the definitions, data sources, and spatial resolution of the hydrological, soil, and
terrain variables used in the LASSO selection procedure.
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Table A.6: ROBUSTNESS: EXTENDING THE ESTIMATION WINDOW BACK TO

2001

1) (V)
Baseline (2004-2009) Extended (2001-2009)
# of PCs w/ internet per worker 0.305*** 0.276***
(0.103) (0.079)
N 180,025 237,653
Kleibergen-Paap Wald Rank F' Stat 14.489 14.837
AR Wald Test (Weak IV Robust Inf.) 18.940 19.037
p-Value 0.002 0.002
# of PCs w/ LAN per worker 0.522*** 0.405***
(0.155) (0.114)
N 175,838 233,475
Kleibergen-Paap Wald Rank F’ Stat 10.210 15.450
AR Wald Test (Weak IV Robust Inf.) 17.533 17.261
p-Value 0.000 0.000

Notes: This table re-estimates our baseline 2SLS specification (column 4 of Table 4) on an extended panel. Column 1
uses the headline 20042009 window; column 2 extends the panel back to 2001 by carrying each firm’s predeter-
mined, time-invariant node and geographic assignment onto its earlier records. All specifications include firm and
node-by-year fixed effects, the full set of firm-level and locational controls, and baseline commune trade-exposure
controls, and use the same LASSO-selected instruments as in the main table. Robust standard errors clustered at
the commune level are in parentheses. */**/*** denote statistical significance at the 10%/5%/1% levels, respec-

tively.
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Table A.7: MEDIUM-TERM EFFECTS

Panel A: Generalized DiD

2004-2009 2004-2011
(1) (2

Treatment Intensity (1) x Post07; 0.010*** 0.011***
(0.003) (0.003)

N 180,025 319,071

Panel B: Two Sample 2SLS (Internet)

2004-2009  2004-2011
oy )

# of PCs w/ Internet per Worker (level)  0.190*** 0.236***
(0.053) (0.062)

N 429,590 566,341

Panel C: Two Sample 2SLS (LAN)

2004-2009  2004-2011
oy ()

# of PCs w/ LAN per Worker (level) 0.205%** 0.257***
(0.068) (0.082)

N 425,524 559,127

Notes: This table reports the medium-term effects of ICT adoption on female labor share. Panel A presents esti-
mates from a generalized DiD specification, as defined in equation (5). Panels B and C report two-sample 2SLS
estimates: Panel B uses the number of internet-connected PCs per worker as the measure of ICT adoption, while
Panel C uses the number of LAN-connected PCs per worker. Column 1 uses the 2004-2009 sample, while Col-
umn 2 uses the extended 20042011 sample. The sample is restricted to firms located within 20 km of the nearest
backbone node. Robust standard errors are clustered at the commune level. *, **, and *** denote significance at the
10%, 5%, and 1% levels, respectively.
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Table A.8: ICT AND FEMALE LABOR DEMAND, CONNECTIVITY BUFFER

Leave out Smaller Buffer Size
Baseline Immediate Neighbors (0.5 km)
) (2) (3) ) (5) (6)
# of PCs w/ internet per worker 0.305*** 0.463*** 0.189%
(0.103) (0.136) (0.100)
# of PCs w/ LAN per worker 0.522*** 0.508*** 0.282**
(0.155) (0.149) (0.126)
N 180,025 175,838 180,025 175,838 180,025 175,838
Kleibergen-Paap Wald Rank F Stat ~ 14.489  10.210  10.825 8.064 22.707 14.802
AR Wald Test (Weak IV Robust Inf.) 18940  17.533  18.169 18.550 10.069 10.814
p-Value 0.002 0.000 0.000 0.000 0.073 0.055

Notes: This table presents estimates of the effect of firms’ ICT adoption on female labor share under alternative
definitions of the connectivity buffer used to construct the instrumental variables. Columns 1 and 2 report the
baseline results. Columns 3 and 4 modify the instrument by excluding a 250-meter radius around each firm from
the connectivity buffer. Columns 5 and 6 further adjust the specification by using a narrower 0.5 km buffer in
instrument construction. All regressions are estimated using a IV-LASSO procedure. The sample is restricted to
firms located within 20 km of the nearest backbone node. Robust standard errors are clustered at the commune
level. */**/*** denotes significant at the 10% / 5% / 1% levels.

Table A.9: ICT AND FEMALE LABOR DEMAND, VARYING LOCATION RE-
STRICTIONS

Distance: 20 km Distance: 25 km Distance: 15 km

D () 3) @) (5) (6)
# of PCs w/ internet per worker 0.305*** 0.261** 0.360***
(0.103) (0.107) (0.107)
# of PCs w/ LAN per worker 0.522%** 0.396** 0.571***
(0.155) (0.159) (0.156)
N 180,025 175,838 190,344 185,805 158,043 154,405

Kleibergen-Paap Wald Rank F' Stat 14.489 10.210 12.555 9.309 11.695 9.919
AR Wald Test (Weak IV Robust Inf.)  18.940 17.533 9.680 7.862 26.112 23.714
p-Value 0.002 0.000 0.085 0.020 0.000 0.000

Notes: This table presents estimates of the effect of firms’ ICT adoption on female labor share under alternative
location-based sample restrictions. Columns 1 and 2 report the baseline results, where the sample is restricted to
firms located within 20 km of the nearest backbone node. Columns 3 and 4 expand the sample to firms within
25 km, while Columns 5 and 6 restrict the sample to firms within 15 km. All regressions use the same set of
instruments as reported in Column (1) of Table 3. Robust standard errors are clustered at the commune level.
*/** /*** denotes significant at the 10% / 5% / 1% levels.
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Table A.10: FIRM FEMALE LABOR SHARE AND ICT ADOPTION, DIFFERENT
WAYS OF CLUSTERING

(1) (2) (3) @) (5) (6) (7) )
# of PCs w/ internet per worker 0.305%** 0.305%*** 0.305%** 0.305%**
(0.103) (0.098) (0.099) (0.098)
# of PCs w/ LAN per worker 0.522*** 0.522*** 0.522*** 0.522***
(0.155) (0.166) (0.135) (0.135)
N 180,025 175,838 180,025 175,838 180,025 175,838 180,025 175,838

Kleibergen-Paap Wald Rank F' Stat 14.489 10.210 8.534 3.155 19.716 9.781 19.076 14.371
AR Wald Test (Weak IV Robust Inf.)  18.940 17.533 17.889 15.514 36.014 31.137  41.578 36.098
p-Value 0.002 0.000 0.003 0.000 0.000 0.000 0.000 0.000

Cluster Level:

Commune Yes Yes

District Yes Yes

Nearest Node Yes Yes

Province Yes Yes

Notes: This table presents estimates of the effect of firms’ ICT adoption on female labor share under alternative
clustering methods for standard errors. Columns 1 and 2 report the baseline results, with standard errors clustered
at the commune level. Columns 3-8 implement alternative clustering approaches, as indicated in the bottom panel
of the table. All regressions use the same set of instruments as reported in Column 1 of Table 3. */**/*** denotes
significant at the 10% / 5% / 1% levels.

Table A.11: ROBUSTNESS: ADDITIONAL FIXED EFFECTS AND SAMPLE RE-
STRICTIONS

1) (2) 3) 4) (5)

Baseline + ProvincexYear FE Within-Province Nodes Positive Adopters Winsorized

# of PCs w/ internet per worker 0.305*** 0.261** 0.279** 0.360*** 0.325***
(0.103) (0.133) (0.127) (0.130) (0.112)

N 180,025 180,025 163,012 115,263 178,677
Kleibergen-Paap Wald Rank F' Stat 14.489 10.859 11.540 5.839 13.845
AR Wald Test (Weak IV Robust Inf.) ~ 18.940 12.082 11.631 17.121 18.283
p-Value 0.002 0.034 0.040 0.004 0.003

Notes: This table assesses the robustness of our baseline estimate of the effect of ICT adoption on the female
labor share to additional fixed effects and alternative sample restrictions. All columns start from our headline
specification (column 4 of Table 4), holding the LASSO-selected instrument set fixed and including the full firm-
level and locational controls, firm and nodexyear fixed effects, and baseline commune trade-exposure controls.
Column 1 reproduces the baseline. Column 2 adds province xyear fixed effects. Column 3 restricts the sample to
firms whose nearest backbone node lies in their own province (about 92% of firms). Column 4 restricts the sample
to firms with positive ICT adoption, and column 5 drops the top 1% of the ICT distribution. Robust standard
errors clustered at the commune level are in parentheses. */**/*** denote significance at the 10%/5%/1% levels.
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Table A.12: MAIN RESULTS, USING DIFFERENT IVS

Baseline Dist. IV
Wy V) (3) @
# of PCs w/ internet per worker 0.305*** 0.189**
(0.103) (0.077)
# of PCs w/ LAN per worker 0.522%** 0.242**
(0.155) (0.097)
N 180,025 175,838 180,025 175,838

Kleibergen-Paap Wald Rank F' Stat ~ 14.489  10.210  16.507  15.672
AR Wald Test (Weak IV Robust Inf.)  18.940 17.533 5.849 6.030
p-Value 0.002 0.000 0.016 0.014

Notes: This table presents estimates of the effect of firms’ ICT adoption on female labor share using alternative in-
strumental variables. Columns 1 and 2 report the baseline results. Columns 3 and 4 use an alternative instrument
constructed as the interaction between distance to the nearest backbone node and a post-2007 indicator. The sam-
ple is restricted to firms located within 20 km of the nearest backbone node. Robust standard errors are clustered
at the commune level. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A.13: INDIVIDUAL LABOR MARKET OUTCOMES AND ICT BY GENDER

Self-employed (1 0) Work for Salary (1 0) Income (log) Second Job (10) Working Days (log) Housework (1 0)
(1) () 3) ) (5) (6) ?) ®) ) (10) an (12)
Treatment Intensity x Post 2007 0.007 0.005 -0.009 -0.009 -0.016  -0.014  -0.023* -0.021*  -0.006 -0.008 -0.021**  -0.022*
(0.010) (0.010) (0.009) (0.010) (0.018)  (0.018) (0.012) (0.012)  (0.008) (0.008) (0.010)  (0.011)
Treatment Intensity x Post 2007 x Female 0.005 -0.001 -0.003 -0.004 0.005 0.000
(0.005) (0.004) (0.003) (0.004) (0.003) (0.007)
N 242,374 242,374 242,374 242,374 242,302 242,302 202,972 202972 194,162 194,162 152,921 152,921

Notes: This table presents the effects of firm-level ICT adoption on other individual labor market outcomes. Each cell reports the effect for men and the
female differential (the two treatment-interaction coefficients from equation (6)), with dependent variables indicated in the column headings. The sample
is limited to individuals located within 20 km of the nearest backbone node. Robust standard errors are clustered at the commune level. */**/*** denotes

significant at the 10% / 5% / 1% levels.



Table A.14: HETEROGENEITY BY FIRM SIZE AND SECTOR

(e} 2 3)
# of PCs w/ internet per worker 0.305***  0.108**  0.310***
(0.103)  (0.054)  (0.108)
... X Size: Medium 0.330***
(0.043)
... X Size: Large 0.235%**
(0.072)
... X Sector: Manufacturing 0.279***
(0.086)
N 180,025 180,025 180,025

Kleibergen-Paap Wald Rank F' Stat ~ 14.489 5.521 5.535
AR Wald Test (Weak IV Robust Inf.)  18.940 209.625 27.114
p-Value 0.002 0.000 0.007

Notes: This table presents heterogeneous effects of ICT adoption on firms’ female labor share across firm size and
sector. Each cell reports the estimated coefficient on ICT adoption and its interaction with firm size or sector, using
the same set of controls as in the baseline specification (1). All specifications use the same set of instruments, along
with their corresponding interaction terms, as reported in Column 1 of Table 3. The sample is restricted to firms
located within 20 km of the nearest backbone node. Robust standard errors are clustered at the commune level. *,
** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Figure A.1: The Expansion of Internet Bandwidth in Vietnam, 2003-2013
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Notes: This figure plots the evolution of domestic and international bandwidth in Vietnam from 2003 to 2013,
using data from the Vietnam Internet Network Information Center (Vietnam Internet Network Information Center,
2013). The red line corresponds to international bandwidth, while the blue line represents domestic bandwidth.
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Figure A.2: Female Labor Share and Firm ICT Adoption (LAN measure), by
Period
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Notes: This figure repeats Figure 2 using LAN-connected PCs per worker as the ICT measure. It presents binned
scatter plots of firms’ female labor share against their eventual (post-2007) LAN adoption, separately for the pre-
expansion years (2004-2006, left panel) and the post-expansion years (2007-2009, right panel); the fitted slope is
reported above each panel. ICT adoption is plotted on the log(1 + z) scale for readability.
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Figure A.3: Construction of the Geographic Variation in the Instrument
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Notes: This figure provides a schematic illustration of the geographic variation underlying our identification strat-
egy. The blue triangle denotes a backbone node. Firm A (green circle) and Firm B (orange circle) both identify this
node as their nearest backbone connection and are located at a similar distance from it (illustrated by the large
black dotted circle). Solid lines represent the straight-line paths connecting each firm to the node. Around each
path, we construct a connectivity buffer (dash-dotted corridors), within which geographic characteristics are ag-
gregated. Although the two firms are equidistant from the same node, differences in geographic conditions within
their respective buffers imply heterogeneous connection costs, generating differential increases in ICT adoption
following the post-2007 broadband expansion. This variation forms the basis of our identification strategy.
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Figure A.4: Pre-trend Using Predicted ICT Exposure
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Notes: This figure presents event-study estimates from specification (4) using the extended sample from 2001-2011.
It plots the estimated coefficients on the continuous treatment intensity T;, denoted by i, along with 95% confi-

dence intervals.
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Figure A.5: Individual Level Analysis, Event Study

(A) NON-AG (FORMAL) (E) WorkiNG (1) seconp JoB
08 02 02
2 2 o
E 06 g g
& £ o g o ‘
5 5 1 ‘
2o $ LI R |
R N N S O S : \
g g L ! g
5 G 5
E T % -0 § -02
3 \ \ & &
-03
02 -.02
5 3 1 3 5 5 -3 1 5 5 -3 1 5
Year Relative to the Treatment Year Relative to the Treatment Year Relative to the Treatment
(B) NON-AG (INFORMAL) (F) SELF EMPLOYED (]) WORKING DAYS
1 02 04
& & o &
§ o g
? ¢ | 8
| i \ \
: : -0 N A NS S S
- i i 5 5
s | 5 -0 s .
k] ] 3
8 8 8
02
05 -.02
(C) WAGE (FORMAL) (G) FormaL (K) HousEWORK (1 0)
05 02
02
5 g o g
‘ g ‘ ‘ & o
5 ‘ 5
2 ‘ 2 2
I H 3 ‘ T B X RN, SRS
g g g
w | |
G 05 G 5
s s s
3 3® 3 o
1 -.03 03
-5 -3 1 3 5 -5 -3 1 3 5 -5 -3 1 3 5
Year Relative to the Treatment Year Relative to the Treatment Year Relative to the Treatment
(D) WAGE (INFORMAL) (H) INCOME
Bl 02
2 2
£ o5 g
& & o0
g ] | §
: | ‘ ‘ : I
5 G
s ‘ 5 o
g -1 2
3 5
8 E
15 -02
-5 -3 1 3 5 -5 -3 1 3 5
Year Relative to the Treatment Year Relative to the Treatment

Notes: This figure presents event-study estimates based on the event-study version of specification (6), using
VHLSS data. The baseline interaction term, 51 (T; x Post07; x Female;), is replaced with a full set of year-specific
interactions, (7; x 1{Year; = 7} x Female;). The figure plots the resulting year-specific coefficients 1, along
with 95% confidence intervals. The corresponding dependent variables are indicated in the panel titles. “Formal”
is an indicator for holding a formal-sector job, defined as employment in a private firm, state-owned enterprise,
public institution, or foreign-invested firm. “Non-Ag (Formal)” further restricts this to non-agricultural formal
employment, classifying jobs as agricultural or non-agricultural by their industry code; it is therefore the non-
agricultural subset of the “Formal” outcome.
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B Data Appendix: Task Intensity

To examine the potential mechanisms, we merge occupational-level task intensity measures with Viet-
nam’s household and firm survey data. These task measures are originally defined using U.S. Census
occupational codes and data from the U.S. Department of Labor’s Occupational Information Network
(O*NET), which provides detailed information on the nature of work across occupations. Following
established frameworks in the literature (Autor et al., 2003; Deming, 2017), these measures capture the
extent to which each occupation relies on routine, social, customer-based, and service-oriented tasks, etc.
For the household-level analysis, we directly merge O*NET task intensity measures using the occupa-
tion codes reported for each worker. For example, sewing machine operators in garment factories and
construction workers are high in manual task intensity; data entry clerks and call center agents are high
in routine and communication intensity; while sales agents require high levels of social task intensity.

For the firm-level data, we lack detailed occupational breakdowns or firm-level employment by
occupation. To address this, we construct industry-level average task intensity measures by combining
occupational task intensity scores from the U.S. O*NET database with the occupational composition of
each industry. To avoid issues related to factor intensity reversal, i.e., the possibility that the relative
task intensities across occupations differ between countries, we use the 2010 Indonesian National Labor
Force Survey to derive occupation shares within industries. Indonesia provides a reasonable benchmark
given its similar stage of economic development and comparable industrial structure to Vietnam.

Table B.1 reports summary statistics of firm-level task intensity in the Vietham Enterprise Survey
(2004-2009). Tables B.2 and B.3 list the five sectors with the highest and lowest task intensities across
four categories—manual, social, customer-facing, and service-oriented—based on the Indonesian la-
bor force survey. In our data, manual task—intensive industries include sectors such as transport via
pipeline, land and air transport, and services to buildings and landscape activities, which are character-
ized by high physical demands and low automation. Industries with high social task intensity include
retail sectors such as non-specialized stores and specialized food and beverage stores, which require
frequent interpersonal interactions. In contrast, manufacturing industries, such as the manufacture of
paper and paper products or wood products, generally rank among the lowest in social task intensity,
consistent with their reliance on standardized production processes and limited interaction with cus-
tomers or coworkers. High customer-facing task intensity is concentrated in retail and service delivery
sectors, including non-specialized retail and steam and air conditioning supply, where frequent client
engagement and responsiveness are critical. Conversely, service-oriented task intensity is highest in lo-
gistics and infrastructure services such as freight air transport and steam supply, while technical and

industrial sectors such as engineering services and tobacco manufacturing rank among the lowest.
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Table B.1: SUMMARY STATISTICS OF TASK INTENSITY, VIETNAM, 2004-
2009

Task Type Mean Std.dev. Min Max

Routine 4.56 1.14 1.77 7.18
Manual 1.77 0.76 059 411
Social 3.82 1.96 1.66 8.10
Customer 3.63 2.32 1.02 855
Service 2.18 0.99 0.65 4.95

Notes: This table reports summary statistics of firm-level task intensity in the Vietnam Enterprise Survey
(2004-2009), based on O*NET occupational task measures.
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Table B.2: SECTORS BY DIFFERENT TASK INTENSITY, PART I

Rank Sectors (Code) Task Intensity
Routine

1 Manufacture of Tobacco Products (120) 7.18
2 Manufacture of Man-Made Fibres (203) 6.70
3 Services to Buildings and Landscape Activities (81) 6.67
4 Manufacture of Footwear (152) 6.66
5 Scientific Research and Development (72) 6.61
145 Retail Sale in Non-Specialized Stores (471) 2.22
146 Retail Sale of Food, Beverages and Tobacco in Specialized Stores (472) 2.16
147 Wholesale on a Fee or Contract Basis (461) 1.77
148 Manufacture of Paper and Paper Products (17) 0.50
149 Activities of Other Membership Organizations (949) 0.50
Manual

1 Transport via pipeline (493) 411
2 Other Land Transport (492) 4.00
3 Passenger Air Transport (511) 3.95
4 Freight Air Transport (512) 3.95
5 Services to Buildings and Landscape Activities (81) 3.56
145 Music Publishing (592) 0.62
146 Reproduction of Recorded Media (182) 0.62
147 Manufacture of Pharmaceuticals, Medicinal Chemical and Botanical Products (210) 0.59
148 Manufacture of Paper and Paper Products (17) 0.26
149 Activities of Other Membership Organizations (949) 0.26

Social

1 Retail Sale in Non-Specialized Stores (471) 8.10
2 Retail Sale of Food, Beverages and Tobacco in Specialized Stores (472) 7.93
3 Steam and Air Conditioning Supply (353) 7.78
4 Retail Sale of Cultural and Recreation Goods in Specialized Stores (476) 7.74
5 Retail Sale of Information and Communications Equipment in Specialized Stores (474) 7.74
145 Sawmilling and Planing of Wood (161) 1.70
146 Manufacture of Domestic Appliances (275) 1.66
147 Materials Recovery (383) 1.62
148 Manufacture of Paper and Paper Products (17) 0.62
149 Activities of Other Membership Organizations (949) 0.62

Notes: This table lists the top five and bottom five industries (at the 3-digit level) by task intensity, based on O*NET
occupational task measures. Task intensities are aggregated to the industry level by averaging occupational mea-
sures, weighted by industry-level occupational shares from Indonesia’s 2010 National Labor Survey. Each panel
presents rankings for a specific task type—routine, manual, social, customer, and service.
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Table B.3: SECTORS BY DIFFERENT TASK INTENSITY, PART II

Rank Sectors (Code) Task Intensity
Customer

1 Retail Sale in Non-Specialized Stores (471) 8.55
2 Retail Sale of Food, Beverages and Tobacco in Specialized Stores (472) 8.35
3 Steam and Air Conditioning Supply (353) 8.18
4 Retail Sale of Cultural and Recreation Goods in Specialized Stores (476) 8.17
5 Retail Sale of Information and Communications Equipment in Specialized Stores (474) 8.17
145 Services to Buildings and Landscape Activities (81) 1.24
146 Manufacture of Man-Made Fibres (203) 1.18
147 Scientific Research and Development (72) 1.15
148 Materials Recovery (383) 1.13
149 Manufacture of Tobacco Products (120) 1.02

Service

1 Freight Air Transport (512) 4.95
2 Air Transport (511) 495
3 Steam and Air Conditioning Supply (353) 4.54
4 Retail Sale in Non-Specialized Stores(471) 4.07
5 Retail Sale of Food, Beverages and Tobacco in Specialized Stores (472) 3.76
145 Manufacture of Structural Metal Products (251) 1.67
146 Activities of Extraterritorial Organizations and Bodies (99) 1.06
147 Sawmilling and Planing of Wood (161) 0.97
148 Architectural and Engineering Activities; Technical Testing and Analysis (71) 0.84
149 Manufacture of Tobacco Products (120) 0.76

Notes: This table lists the top five and bottom five industries (at the 3-digit level) by task intensity, based on O*NET
occupational task measures. Task intensities are aggregated to the industry level by averaging occupational mea-
sures, weighted by industry-level occupational shares from Indonesia’s 2010 National Labor Survey. Each panel
presents rankings for a specific task type—routine, manual, social, customer, and service.
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C Empirical Methods Appendix

This section provides details on the estimation of ICT’s effects on firm entry and exit.

For exit, we construct a firm-level indicator equal to one in the last year a firm appears in the census
and zero otherwise. Thus, the exit variable takes the value 1 if a firm exits in the subsequent period
and 0 otherwise. We exclude the final sample year to avoid mechanically classifying the end of the
panel as an exit. We then estimate a discrete-time hazard model to assess the effect of ICT on firm
exit. The probability of firm exit in any period is modeled as a function of elapsed duration of firm
survival, 7, the firm’s ICT measure ICT;;, and other firm-level and regional controls consistent with our
main specification (1). Each firm spell is represented as a sequence of (0,1) observations. The model is

specified as follows:

P(exity; = 74 1| tij > 7, ICTit, Ye(s), One, Xit, industry,, age,,, Zi;) @
= g(7, ICTit, Ye(s), Ont, X, industry,, age,,, Zi;) .

where P(exit;j) denotes the probability that firm ¢ exits in period j. ICT;; captures the firm’s ICT adop-
tion. We include a full set of duration dummies 7 to flexibly model duration dependence. We use the
same set of IVs as in column 1 of Table 3 to instrument for ICT};.

Depending on the hazard specification, we additionally control for commune fixed effects ~.(;) and
node-by-year fixed effects 0,,..17 In addition to the firm-level controls included in our main specification,
Xit, we further include industry dummies and firm-age dummies. We also control for the same set of
locational controls as in the main specification, denoted by Z!,. We use a linear probability model to
avoid incidental parameter problems.

We apply a different empirical approach in examining firm entry. While firms are observed for
multiple years after entry, they are not observed prior to entry, and we do not observe non-entering
“potential” firms. Consequently, we cannot construct a firm-level panel with pre-entry ICT exposure.
Instead, we analyze entry at the commune-year level. We compute a commune-year entry rate defined
as the number of new firms that first appear in a given commune and year divided by the total number
of active firms in that commune-year. Using this measure, we estimate IV regressions of entry rates on
commune-year ICT exposure, employing the same geographic-based instruments and controlling for
commune fixed effects, node-by-year year fixed effects, and the same set of firm-level controls aggre-
gated to the commune level.

7We don’t use firm fixed effects in most firm exit models because the outcome (exit) is typically a one-time ab-
sorbing event per firm, so there is almost no within-firm variation over time to identify the effect.
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