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Abstract

Although natural resources and geographical factors limit herders’ employment options,
the development of digital rural helps herding households compete on an equal footing
by expanding employment opportunities. Using survey data collected from 2790 herder
households in 26 counties across Gansu, Qinghai, Sichuan and Tibet from 2023 to 2025,
this study examines the relationship between county-level digital rural development and
non-farm employment. We find that digital rural development is positively associated
with the likelihood that household heads engage primarily in non-farm employment. This
finding remains stable across a series of robustness and endogeneity checks. Moreover,
the positive association is weaker in areas with a larger primary-industry base and among
households engaged in forage cultivation, suggesting that local production structures
and household labor commitments constrain the conversion of digital opportunities into
employment diversification. Further analysis indicates that digital finance and digital
consumption are two potential channels through which digital rural development supports
non-farm employment. These findings highlight that the employment benefits of digital
development depend not only on digital access but also on the flexibility of household
labor allocation and the availability of non-farm opportunities in pastoral areas.
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1. Introduction
Artificial intelligence, Big Data, and mobile internet are examples of digital technology

that are spreading to all parts of the economy and society, changing how production
is organized and people work [1]. Given the above, China released the Digital Rural
Development Plan in 2018 to promote the construction of a digital rural society and rural
revitalization. As 5G networks expand into rural and pastoral areas, the all-weather
demonstration project for e-commerce in rural areas continues to advance, and the coverage
of digital inclusive finance is gradually expanding. At the same time, digital infrastructure
and services are being rolled out in the grassland region at an ever-increasing rate [2].
However, because of their remote areas, fragile ecosystems and unique cultures, these large
pastoral areas have been lacking in development resources for a long time. Traditional
livestock farming is limited by the productivity of natural grasslands, ecological red lines
and fluctuations in market prices, and a single grazing-based livelihood model cannot
provide stable income growth for herder households [3]. Therefore, expanding non-farm
employment opportunities and promoting the transfer of the pastoral workforce to the
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secondary and tertiary sectors are urgently needed to consolidate the results of poverty
alleviation and prevent a relapse into poverty, as well as to achieve all-round rejuvenation
of pastoral areas.

Non-farm employment provides herder households with an alternative to relying
entirely on traditional livestock production. This resulting income mix can reduce exposure
to livestock losses and strengthen resilience to market, climatic and health shocks [4].
Especially against the backdrop of increasing resource and environmental constraints in
pastoral areas and shrinking growth prospects for traditional livestock farming, promoting
the rational flow of labor into non-farm sectors is not only a practical necessity for herding
households to enhance the resilience of their livelihoods, but also a key direction for
industrial restructuring and socioeconomic transformation in pastoral areas. However,
the formation of non-farm employment is not simply a matter of individual choice, as
herders’ decision-making is influenced by a range of factors, including their ability to access
information, job search costs, financial constraints, and the extent of market access [5,6].
The reason why the development of digital rural may have an impact on herders’ non-farm
employment is that it can, to some extent, alleviate these constraints.

Existing research has provided a wealth of discussion on the relationship between the
digital economy, information and communication technologies, and rural labor migration,
as well as the growth of farm household income [7–10]. A large body of the literature indi-
cates that digital development can improve the information environment, expand market
access, alleviate financial exclusion, and, to some extent, facilitate the shift in rural labor to-
ward the non-farm sector [11–13]. Some studies have also indicated that the development of
internet usage, digital finance, and e-commerce has a positive impact on farmers’ non-farm
employment, entrepreneurial activities, and income growth [14–17]. More broadly, infras-
tructure development and technological progress can promote economic diversification and
strengthen livelihood resilience in peripheral and resource-dependent regions [18]. In terms
of research subjects, most of the existing studies have focused on farmers and have paid
relatively little attention to herders, another group in pastoral areas. Herders’ employment
decisions are influenced by the general labor market, but they are also restricted by other
factors, such as grassland management systems, livestock production cycles, household
livestock assets and grazing practices; therefore, their non-farm employment behavior
is relatively context-specific and constrained [19,20]. Most studies have focused on the
general inclusive benefits of digital technology for research, but there is a lack of specific
research on how digital rural initiatives operate in the particular spatial conditions of
pastoral areas and whether their effects differ among different groups and regions.

This paper takes as its focus the non-farm employment of herders and studies the
effect of digital rural development on the transformation of herders’ employment, as
well as the mechanisms through which this change occurs. Based on this, this paper
seeks to answer the following questions: can digital rural development promote non-farm
employment among herders?; through what mechanisms does it primarily achieve this?;
and does this impact vary depending on individual characteristics, spatial conditions, and
the level of development in each county? This study makes three contributions. First, it
conceptualizes digital rural development in pastoral areas as a mechanism for translating
digital access into non-farm employment opportunities, emphasizing the role of household
labor constraints in livestock-based livelihoods. In doing so, it extends the literature on
digital rural development and labor transition by showing that improved digital access
does not automatically lead to labor reallocation, because pastoral production commitments
may constrain herders’ ability to respond to new employment opportunities. Second, it
integrates survey data from 2790 herding households across Gansu, Qinghai, Sichuan,
and Tibet, with a county-level Digital Rural Development Index, providing evidence from
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underrepresented pastoral production systems. Third, it examines how structural and
household-level conditions shape the relationship between digital rural development and
non-farm employment, highlighting the importance of contextual heterogeneity in pastoral
regions. By linking digital development with livelihood diversification, the study also
contributes to the rural sustainability literature by showing that the employment benefits
of digitalization depend on household labor flexibility and local economic conditions.

2. Theoretical Framework
2.1. Direct Effects of Digital Rural Development on Herders’ Non-Farm Employment

Compared to typical rural areas, pastoral regions face long-standing constraints such
as geographical dispersion, poor transportation, limited access to information and insuf-
ficient market access. As a result, employment options for herding households are often
confined to traditional livestock farming. Access to non-farm employment depends largely
on personal network or occasional face-to-face contact [21]. In light of the above, the
construction of an information infrastructure, the extension of platform coverage and the
broad application of digital tools in the development of digital rural have created new
employment opportunities for herders outside of traditional sectors.

According to the theory of information asymmetry, if market participants cannot
obtain the required information in time and to their full satisfaction, they will bear
a higher search cost, be less efficient in matching, and thus lose opportunities in their
decision-making [22,23]. The development of digital rural is changing how herders get jobs
and market information. New technologies are now available to help herders stay informed
about new employment prospects outside farming, wage levels, working locations and
required skills [24]. In this way, information barriers between herders and the outside
labor market have been reduced. Thus, employment information is no longer scarce and
fragmented, but rather open and accessible. As a result, herders’ awareness of non-farm
employment and their opportunities for employment have significantly increased [25].

As is well-known, non-farm employment not only involves the movement of labor
across sectors, but also entails costs associated with information search, transportation,
payment settlements and job matching. Transaction cost theory suggests that improve-
ments in market efficiency depend largely on reductions in transaction costs [26,27]. The
development of digital rural has reduced the time costs, communication costs, and institu-
tional friction faced by herders when seeking non-farm employment through information
dissemination, digital payments and platform integration. Looking further, improvements
in the information environment and reductions in transaction costs do not stop at the
level of access to employment opportunities. Rather, they continue to influence labor
allocation within herding households. In this context, non-farm employment reflects the
reallocation of household labor from livestock production to non-farm sector [28,29]. Con-
sequently, household labor may gradually shift away from traditional livestock production
toward a wider range of market-based non-farm activities. In light of the above, this paper
proposes the following hypothesis:

H1. Digital rural development is positively associated with household non-farm employment.

2.2. Boundary Conditions of the Employment Effects of Digital Rural Development

Digital rural development can improve information access, reduce job-search costs,
and strengthen links to external markets. Nevertheless, these improvements do not auto-
matically generate non-farm employment. Whether herders convert digital opportunities
into employment also depends on local industrial structure and household production
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systems. We therefore examine the moderating roles of primary-industry development and
forage cultivation.

Structural transformation involves the reallocation of labor from primary production
toward secondary and tertiary activities [30]. Primary-industry value added at the county
level measures the absolute scale of agricultural and livestock output, rather than the
sector’s share of the local economy or its relative return. A higher value may nevertheless
indicate a larger agricultural and livestock production base. In such counties, digital tools
may be used more extensively for production management, input procurement and product
marketing within the primary sector [31]. Digitalization may lower search, matching, and
market-access costs while also improving production within the primary sector. Where
digital services are used mainly for production management and product marketing, these
benefits may be absorbed within agricultural and pastoral activities rather than translated
into labor reallocation [32]. The positive association between digital rural development and
herders’ participation in non-farm employment may therefore be weaker in counties with
a larger primary industry base. We propose:

H2a. Higher primary industry value added in a county weakens the positive association between
digital rural development and household non-farm employment.

Forage cultivation is closely integrated with livestock production and requires labor
for planting, management, harvesting, transport and storage [33]. These tasks increase
household labor demands, particularly during busy seasons. With limited household labor,
forage cultivation may reduce the time available for non-farm employment [34]. It also
binds cropland, forage, livestock and family labor into a more integrated production system.
Households may therefore have less flexibility to act on digital employment information
and market opportunities.

H2b. Forage cultivation weakens the positive association between digital rural development and
household non-farm employment.

2.3. Transmission Mechanisms of Digital Rural Development

In most cases, funding is a key factor limiting herders’ ability to engage in any activities.
Continuing livestock production, starting a business, and seeking employment elsewhere
may all require financial resources, while reliable payment services can facilitate related
transactions [35,36]. However, due to factors such as remote locations, a lack of financial
service outlets and exclusion from the traditional financial system, herders have long faced
challenges in accessing financial services [37]. The development of digital rural has driven
the shift in financial services toward online, convenient and grassroots-level delivery, pro-
viding herders with more accessible channels for payments, credit and financial services.
The expansion of financial services to grassroots levels represents not only an increase in
the scale of financial operations but also an extension of service coverage and an improve-
ment in the efficiency of resource allocation. Digital rural development can facilitate the
expansion of digital finance. Greater access to digital financial services may ease the credit
and liquidity constraints faced by herding households. This, in turn, can lower the financial
barriers to participation in non-farm employment and entrepreneurial activities [38]. At
the same time, development of digital finance has reduced the transaction costs for labor
transfer and provided a relatively easy way for herders to access external labor markets [39].
Therefore, the development of digital rural areas should not only increase the supply of
financial products but also improve the financial situation for herders’ non-market activities
at a deeper level and enhance their ability to engage in non-farm employment. Based on
the above analysis, this study puts forward the following hypothesis:
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H3. Digital rural development promotes herders’ non-farm employment by expanding digital finance.

With the spread of online shopping, digital payments, and platform services, herding
households have become more closely connected to digital markets. These developments
have changed how households purchase goods, make payments, and access consumer
services [40].

The shift in consumption patterns is not merely a change in lifestyle. It also influences
household employment choices through adjustments in income needs and labor allocation.
Traditional herding households often rely on self-produced goods and local supplies. Digi-
tal rural development has expanded their access to external markets. Their consumption
may therefore become more dependent on purchased goods and services. While house-
holds now have a wider range of choices regarding goods and services, they also have
a greater need for a stable cash flow to support these choices [41]. The increase in digital
consumption suggests that more money will be needed by households. As a result, there
has been a change in demand for labor, and many people have begun to leave traditional
pastoralism for non-agricultural work in search of a more stable income. As households
have gained access to a large number of consumer goods, services and lifestyles through
digital platforms, their income expectations and consumption patterns have changed, and
as a result, the distribution of labor in the household has also been altered [42]. Because
non-farm employment offers a higher degree of income monetization and more direct cash
returns, it is better positioned to meet the growing demand for digital consumption [43].
Consequently, digital consumption is not only a result of the development of digital rural
areas but also a key driver for further promoting non-farm employment among herders.
We propose:

H4. Digital rural development promotes herders’ non-farm employment by expanding digital
consumption.

Based on the preceding theoretical analysis and hypotheses, Figure 1 summarizes the
proposed research framework, including the direct relationship, boundary conditions, and
potential transmission channels.

Figure 1. Research framework diagram.
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3. Research Design
3.1. Data Source

The College of Pastoral Agriculture Science and Technology at Lanzhou University
surveyed herder households from 2023 to 2025. Enumerators received common training on
the questionnaire and field procedures. Sampling proceeded in four stages. We selected
Gansu, Qinghai, Tibet and Sichuan for their extensive natural grasslands. Within each
province, counties were stratified by per capita income before random selection. Townships
were then grouped by per capita grassland area, with one drawn from each high, middle
and low group. Finally, about 14 households were randomly selected in each sampled
village. The fieldwork covered 26 counties, 78 townships, 250 villages and 3453 households.
Removing 582 records without the outcome and 81 with other incomplete responses
produced 2790 observations, an 80.79% retention rate. The Ethics Committee of Lanzhou
University approved the study, and every participant provided written informed consent.

3.2. Variable Selection and Descriptive Statistics

Dependent variable. Respondents engaged in non-farm work are assigned a value of
one. All other respondents are assigned zero. In the surveyed pastoral communities, most
respondents are male household heads. They usually take the lead in major livelihood
decisions. Their main occupation often reflects whether the household relies mainly on
livestock production or non-farm work. For this reason, the respondent’s main occupation
is used as a proxy for the household’s overall employment orientation.

Explanatory variable. The County Digital Rural Development Index is the main
explanatory variable. The Institute of New Rural Development at Peking University
and the Alibaba Research Institute jointly developed the measure [44,45]. Rather than
recording one person’s internet or mobile-phone use, it describes county infrastructure,
digital services, and their integration into rural development. This geographical scope
matches the place-based design of the study.

Control variables. We include controls at the household-head, household, village,
and county levels. Household-head controls comprise gender, age, ethnicity, cadre status,
and Mandarin proficiency. Household controls include household size, labor force, mean
education, mean health status, intergenerational succession, childcare burden, and eldercare
burden. Village-level controls comprise pastoral specialization, village rules, forage-storage
facilities, terrain, and the distance from the seasonal settlement to the county government.
County-level controls include GDP per capita, the ratio of public-budget expenditure to
GDP, the employment share of the secondary and tertiary sectors, total road length, and the
number of hospital beds. Unless otherwise stated, all county-level controls are measured
in 2020.

Instrumental variable. Reverse causality, omitted variables, and measurement error
may bias the estimated relationship between digital rural development and non-farm
employment. We therefore use county landline penetration in 2000 as an instrument
for the 2020 County Digital Rural Development Index. The instrument is the ratio of
fixed-telephone subscribers to the county population. Historical landline networks may
predict later digital development because communication infrastructure, construction
capacity, and service experience persist over time. Landline penetration in 2000 predates
the employment outcomes observed from 2023 to 2025, making a direct effect on current
household employment less likely. Nevertheless, historical telecommunications may also
proxy for persistent county development, human capital, transport access, or market
connectivity. We therefore treat the instrumental-variable estimates as supportive sensitivity
evidence rather than definitive causal proof.
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Moderating variables. We examine primary-industry value added and forage cultiva-
tion as boundary conditions. Primary-industry value added measures the absolute scale of
county-level output generated by agriculture and animal husbandry. It does not measure
the primary sector’s share of the county economy or the county’s dependence on that sector.
A larger absolute value may nevertheless reflect a greater scale of agricultural and livestock
activity, which could influence household labor allocation [46]. Forage cultivation indicates
whether a household grows forage crops on cropland. Planting, managing, harvesting,
transporting, and storing forage require household labor and strengthen links among
cropland, livestock, and family labor. Households that cultivate forage may therefore have
less flexibility to act on digital employment opportunities.

Mechanism variables. We examine digital finance and digital consumption as po-
tential transmission channels. Digital finance captures the expansion of online payments,
credit, and other accessible financial services [47,48]. These services may ease liquidity
constraints, reduce transaction costs, and support entry into non-farm employment. Digital
consumption captures households’ growing use of online shopping, digital payments,
and platform services. Greater reliance on market-based goods and services may increase
demand for cash income and encourage labor reallocation toward non-farm activities [49].
Digital finance is measured using the county-level Digital Finance Index in 2020. It captures
the development of the local digital financial environment rather than the actual financial
behavior of individual households. Digital consumption is measured using the county-level
Digital Consumption Index in 2020 and reflects the broader county environment for online
consumption and platform-based services. It does not directly measure each household’s
use of digital consumption services. The explanations and descriptions of the variables are
shown in Table 1.

Table 1. Descriptive statistics.

Variables Variable Definition Mean SD Min Max

Dependent variable

Non-farm
employment

Whether the household’s principal employment
orientation is non-farm: yes = 1, no = 0. 0.216 0.411 0 1

Independent variable

Digital rural
development

County-level Digital Rural Development Index in
2020. 38.943 7.984 28.141 59.928

Control variables

Gender Gender of household head: male = 1, female = 0. 0.903 0.295 0 1

Age Age of household head (years). 52.661 11.141 20 76

Minority Whether the household head belongs to an ethnic
minority: yes = 1, no = 0. 0.663 0.471 0 1

Cadre Whether the household head is a village cadre:
yes = 1, no = 0. 0.146 0.353 0 1

Mandarin proficiency

Mandarin proficiency of the household head:
unable = 1, understands only = 2,
simple communication but cannot write = 3,
fluent communication but cannot write = 4,
fluent and can write = 5.

3.668 1.551 1 5

Household size Number of household members (persons). 4.199 2.009 1 13

Household labor force Number of household laborers (persons). 2.834 1.233 0 9
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Table 1. Cont.

Variables Variable Definition Mean SD Min Max

Average education
level

Average education level of household members:
no schooling = 0, primary school = 1, junior high
school = 2, senior high school = 3, college = 4,
master’s degree or above = 5.

1.780 1.243 0 5

Intergenerational
succession

Whether children continue to engage in farming or
animal husbandry: yes = 1, no = 0. 0.210 0.407 0 1

Average health status Average household health status: very poor = 1,
poor = 2, fair = 3, good = 4, very good = 5. 2.946 1.265 1 5

Child dependency
burden Share of household members aged 16 or below. 0.051 0.120 0 0.75

Elderly support
burden Share of household members aged 65 or above. 0.072 0.177 0 1

Pure pastoral area Whether the village is a pure pastoral area: yes = 1,
no = 0. 0.544 0.498 0 1

Village rules and
conventions

Whether the village has rules and conventions:
yes = 1, no = 0. 0.875 0.330 0 1

Terrain Rural terrain: mountainous = 1, hilly = 2, plain = 3. 1.612 0.783 1 3

Forage reserve facility Whether the village has a forage reserve facility:
yes = 1, no = 0. 0.060 0.238 0 1

Distance Distance from the seasonal settlement to the
county government (km). 60.413 76.397 0 852

GDP Per capita GDP of the county where the rural is
located in 2020 (10,000 yuan). 7.084 4.201 1.42 17.375

County fiscal
expenditure

Ratio of county public budget expenditure to GDP
in 2020. 0.757 0.401 0.195 1.838

Labor market Secondary- and tertiary-sector employment as a
share of county population in 2020. 23.081 13.915 4.711 58.41

Transportation
conditions Total county road length in 2020 (km). 2188.144 1106.463 297.017 4646.6

Public services Number of hospital beds in the county in 2020. 569.307 423.893 62 1435

Instrumental variable

Landline penetration Ratio of fixed telephone subscribers to the total
county population in 2000. 0.228 0.136 0.004 0.637

Moderating variables

Primary industry
added value

Added value of the primary industry in the county
where the rural is located in 2020 (100 million
yuan).

15.055 16.610 0.593 54.972

Forage cultivation Whether the household cultivates forage crops on
cropland: yes = 1, no = 0. 0.325 0.469 0 1

Mechanism variables

Digital finance County-level Digital Finance Index in 2020. 95.461 2.099 88.4 98.719

Digital consumption County-level Digital Consumption Index in 2020. 40.875 24.485 0.813 94.441
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3.3. Model Setup

The dependent variable indicates whether the household head reports non-farm em-
ployment as the main occupation. The baseline Probit model estimates the association
between county-level digital rural development and the probability of a non-farm employ-
ment orientation. We specify the model as follows:

P(Yict = 1) = Φ(α0 + α1Digict + α2Xict + µc + λt) (1)

where Yict indicates whether household i in region c participates in non-farm employment
in year t; Digict denotes the level of digital rural development; and Xict is a vector of control
variables, including household-head characteristics, household characteristics, village char-
acteristics, and county-level economic characteristics. µc and λt denote province and time-
fixed effects, respectively. A positive α1 indicates a positive conditional association between
county-level digital rural development and household non-farm employment orientation.

Although the measure of digital rural development predates the observed employment
outcomes, unobserved county characteristics and measurement error may still produce
endogeneity bias. This study therefore uses county-level landline penetration in 2000 as
an instrumental variable. The two-stage least squares model is specified as follows:

Dig = β0+ β1Landline+β′
2Xict+ µc + λt+ ε (2)

Yict = γ0 + γ1D̂ig + γ′
2Xict + µc + λt+ε (3)

We next test whether county industrial structure and household production constraints
moderate the employment association. The model includes primary-industry value added,
forage cultivation, and their interactions with digital rural development:

We next examine whether primary-industry value added and forage cultivation condi-
tion the association between digital rural development and non-farm employment. Their
interaction terms are included in the following Probit specification:

P
(
Yict = 1) = δ0 + δ1Digict + δ2 Indct + δ3Digict× Industryict + δ4Xict + µc + λt + ε (4)

P
(
Yict = 1) = φ0 + φ1Digict + φ2Foragect + φ3Digict× Forageict + φ4Xict + µc + λt + ε (5)

where Industryict denotes the added value of the primary industry, and Forageict denotes
forage cultivation. Digict× Industryict and Digict × Forageict represent the interaction
terms between digital rural development and the added value of the primary industry, and
between digital rural development and forage cultivation, respectively. If δ3 < 0, the coeffi-
cient is consistent with a weaker latent-index association between digital rural development
and household non-farm employment orientation in counties with larger primary-industry
value added. If φ3 < 0, this suggests that forage cultivation weakens the positive relation-
ship between digital rural development and herders’ non-farm employment.

We evaluate digital finance and digital consumption as parallel channels connecting
digital rural development with non-farm employment. The first mechanism equation
estimates how digital rural development relates to each channel:

Mict = θ0 + θ1Digict+ θ2Xict + µc+ λt + ε (6)

In Equation (6), the mechanism variable is either digital finance or digital consumption.
A positive and significant coefficient shows that digital rural development is associated
with a stronger county environment for that channel. It does not, by itself, establish
household-level mediation.
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4. Regression Results
4.1. Basic Model Results

Table 2 presents the baseline results. The Probit estimates are reported as both coeffi-
cients and average marginal effects. The OLS estimates are included as a supplementary
linear probability model to check whether the direction and statistical significance of the
results remain consistent. All models control for province and survey-year fixed effects,
and the standard errors are clustered at the village level.

Table 2. Baseline regression analysis.

Probit AME Probit AME OLS

(1) (2) (3) (4) (5) (6)

Digital rural development 0.038 *** 0.010 *** 0.037 *** 0.010 *** 0.010 *** 0.010 ***
(0.006) (0.002) (0.007) (0.002) (0.002) (0.002)

Gender −0.164 −0.042 −0.043
(0.097) (0.025) (0.030)

Age −0.001 −0.000 −0.001
(0.003) (0.001) (0.001)

Minority −0.275 ** −0.071 ** −0.077 **
(0.121) (0.031) (0.032)

Cadre 0.408 *** 0.105 *** 0.116 ***
(0.086) (0.022) (0.026)

Mandarin proficiency 0.086 *** 0.022 *** 0.027 ***
(0.031) (0.008) (0.009)

Household size 0.031 0.008 0.010
(0.024) (0.006) (0.008)

Household labor force −0.089 ** −0.023 ** −0.025 **
(0.036) (0.009) (0.011)

Average education level 0.044 0.011 0.013
(0.038) (0.010) (0.010)

Intergenerational succession −0.014 −0.004 −0.001
(0.075) (0.019) (0.019)

Average health status 0.028 0.007 0.007
(0.028) (0.007) (0.007)

Child dependency burden 0.306 0.079 0.076
(0.234) (0.060) (0.064)

Elderly support burden 0.068 0.018 0.015
(0.155) (0.040) (0.039)

Pure pastoral area −0.027 −0.007 0.004
(0.147) (0.038) (0.040)

Village rules and conventions 0.078 0.020 0.019
(0.102) (0.026) (0.022)

Terrain 0.177 ** 0.046 ** 0.044 **
(0.078) (0.020) (0.021)

Forage reserve facility −0.099 −0.025 −0.017
(0.144) (0.037) (0.032)

Distance 0.000 −0.000 −0.000
(0.000) (0.000) (0.000)

GDP −0.023 −0.006 −0.006
(0.016) (0.004) (0.005)

County fiscal expenditure −0.121 −0.031 −0.034
(0.336) (0.087) (0.101)

Labor market −0.012 −0.003 −0.004
(0.007) (0.002) (0.002)

Transportation conditions −0.000 *** −0.000 *** −0.000 ***
(0.000) (0.000) (0.000)
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Table 2. Cont.

Probit AME Probit AME OLS

(1) (2) (3) (4) (5) (6)

Public services −0.001 *** −0.000 *** −0.000 ***
(0.000) (0.000) (0.000)

Region FE YES YES YES YES YES YES
Time FE YES YES YES YES YES YES
_cons −2.375 *** −1.290 −0.205 *** 0.102

(0.258) (0.710) (0.073) (0.205)

Observations 2790 2790 2790 2790 2790 2790
adj. R2 0.072 0.120
Pseudo R2 0.071 0.116

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively. Standard errors
are clustered at the village level. The same notation and clustering method apply to subsequent
tables. AME, average marginal effect.

Digital rural development is positively correlated with non-agricultural employment.
The above relationship is still statistically significant at the 1% level after adding controls
for household head, household, village and county. The mean marginal effect of the fully
adjusted model is 0.010. On average of the sample, a one-point increase in the Digital Rural
Development Index is associated with about a 1 per cent rise in the predicted probability of
non-farm employment. The OLS results have the same direction and are still statistically
significant. Its size should not be directly compared with the Probit coefficient.

Previous research suggests that improved digital access can expand employment
opportunities in rural areas. Mobile networks and digital financial services can connect
households to wage employment and other non-farm opportunities. This can reduce in-
formation and transaction costs. The results indicate that a similar relationship exists in
pastoral China. Employment opportunities may also be shaped by the county’s broader
digital environment. Some control variables are also related to non-farm employment.
Cadre status and Mandarin proficiency are positively associated with non-farm employ-
ment. Ethnic minority status and household labor force size are negatively associated with
it. These patterns may be related to social connections, communication skills, and labor
requirements in livestock production.

Considering potential endogeneity between digital rural development and herders’
non-farm employment, this study applies an instrumental variable approach. Table 3
reports the instrumental variable results. Landline penetration in 2000 is positively as-
sociated with the 2020 County Digital Rural Development Index. The Kleibergen Paap
LM test rejects the null hypothesis of underidentification. The first stage F statistic and
the Kleibergen Paap Wald F statistic are also above the Stock Yogo critical value, which
reduces concerns about a weak instrument. In the second stage, digital rural development
remains positively associated with non-farm employment and is significant at the 1% level.
The Anderson–Rubin test leads to the same conclusion when inference is made under
possible instrument weakness. Unlike conventional inference that relies on sufficiently
strong first-stage identification, the Anderson–Rubin test remains informative when instru-
ments may be weak because it does not rely on the usual strong-instrument approximation.
The significant Anderson–Rubin statistic therefore provides additional evidence that the
estimated relationship is not driven solely by weak first-stage identification.
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Table 3. Instrumental-variable estimates and identification tests.

(1) (2)
Digital Rural Non-Farm Employment

Digital rural development 0.031 ***
(0.011)

Landline penetration 16.276 ***
(3.566)

Controls YES YES
Region FE YES YES
Time FE YES YES
_cons 51.346 *** −1.006 *

(3.370) (0.568)
Observations 2790

Underidentification test Kleibergen–Paap rk LM statistic 32.815 (p < 0.001)
Weak-instrument test First-stage F-statistic 20.840

Kleibergen–Paap rk Wald F-statistic 20.837
Stock–Yogo 10% critical value 16.380

Weak-IV robust inference Anderson–Rubin Wald F-statistic 13.150 (p = 0.0003)

Note: *** and * denote statistical significance at the 1% and 10% levels, respectively.

These tests support instrument relevance but cannot directly verify the exclusion
restriction. The use of historical fixed-line infrastructure follows an established identifi-
cation strategy in the broadband and digital-development literature, where pre-existing
telecommunications networks are used to predict subsequent digital infrastructure [50].
In the present setting, the long temporal separation and the inclusion of county eco-
nomic, fiscal, labor-market, transportation, and public-service controls reduce several
plausible alternative channels linking historical landline penetration to current employ-
ment. Nevertheless, persistent unobserved county characteristics cannot be completely
excluded. We therefore interpret the IV estimates as supportive evidence rather than
definitive causal identification.

4.2. Robustness Checks

Table 4 examines whether the instrumental variable results depend on the choice
of estimator. Historical landline penetration remains positively and significantly associ-
ated with digital rural development in the first stage of both the two step IV-GMM and
IV-Probit models. This shows that the relevance of the instrument is stable across the
two estimation methods.

Table 4. Robustness tests for instrumental variables.

IV-GMM2S IV-Probit

Digital Rural Non-Farm Employment Digital Rural Non-Farm Employment

Digital rural development 0.031 *** 0.113 ***
(0.011) (0.028)

Landline penetration 16.276 *** 16.276 ***
(3.566) (3.547)

Controls YES YES YES YES
Region FE YES YES YES YES
Time FE YES YES YES YES
_cons 51.346 *** −1.006 * 51.346 *** −5.396 ***

(3.369) (0.568) (3.352) (1.538)
Observations 2790 2790
adj. R2 0.062

Note: *** and * denote statistical significance at the 1% and 10% levels, respectively.
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Digital rural development also has a positive and statistically significant coefficient
in both second stage models. The two step IV-GMM model allows for heteroskedasticity,
while the IV-Probit model considers the binary nature of non-farm employment. Their
coefficients should not be compared directly because the models use different estimation
scales. Still, the consistent direction and significance suggest that the main result is not
limited to a linear specification. These estimates provide further support for the positive
association between digital rural development and non-farm employment, although they
rely on the same exclusion restriction as the baseline instrumental variable model.

To further test the robustness of the baseline regression findings, this study employs
a multinomial logit model, substituting the dependent variable with “type of work”—
a variable derived from the questionnaire item “What is your type of work?”—which offers
the following four options: (1) herding, (2) farming, (3) both farming and herding, and
(4) non-farm employment. We then conducted a further analysis of different employment
types. In the M-logit model, livestock farming was designated as the reference group,
yielding regression results for agriculture, mixed farming, and non-farm employment. As
shown in Table 5 digital rural development has a significant positive impact on agricultural
employment, a non-significant impact on mixed farming, and a significant positive impact
on non-farm employment, with the latter exhibiting the largest coefficient. This indicates
that digital rural development does not affect all employment types equally; rather, it more
significantly drives herders toward more market-oriented and non-farm forms of employ-
ment, such as non-farm employment. It also demonstrates that the research conclusions
remain robust even when different models and variables are used.

Table 5. Employment-type reclassification test.

(1) (2) (3)
Agriculture Mixed Non-Farm Employment

Digital rural development 0.022 −0.018 0.070 ***
(0.017) (0.033) (0.012)

Controls YES YES YES
Region FE YES YES YES
Time FE YES YES YES
_cons 3.556 *** −0.553 −1.623

(1.364) (3.144) (1.095)
Observations 2790
Pseudo R2 0.381

Note: *** denote statistical significance at the 1% level.

Table 6 shows some more robustness tests. Column (1) replaces the Digital Rural
Development Index with the volume of postal and telecommunications services and thus
reflects local communication development in a different way. The coefficient of the addi-
tional index is positive and statistically significant. Therefore, the primary reason for this
change is not solely due to the original combined index. Column (2) is a stricter definition
of the dependent variable, and migrant work is included in non-farm employment. Digital
rural development is still positively correlated with the revised outcome; therefore, the
baseline result is not due to a specific coding rule.

Columns (3) and (4) apply winsorization at the 1% and 5% levels, respectively, and
Column (5) is trimmed by 5%. The estimated coefficients are all positive and significant in
the three cases. Therefore, the result is unlikely to be caused by a small number of extreme
observations. Column (6) replaces the Probit model with a complementary log-log model.
The coefficient is still positive and statistically significant in this alternative specification.
In short, all of the above tests show that the baseline association is consistent with other
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measures, outcome definitions, treatments of extreme values, and binary choice models.
However, these checks support the robustness of the association but do not offer separate
causal identification.

Table 6. Further robustness tests of the baseline results.

(1) (2) (3) (4) (5) (6)
Explanatory

Variable
Dependent

Variable 1% Winsor 5% Winsor 5% Trimming Cloglog

Postal telecom 0.001 **
(0.000)

Digital rural development 0.035 *** 0.037 *** 0.037 *** 0.034 ** 0.051 ***
(0.006) (0.006) (0.006) (0.007) (0.009)

Controls YES YES YES YES YES YES
Region FE YES YES YES YES YES YES
Time FE YES YES YES YES YES YES
_cons 0.626 −2.016 *** −1.289 ** −1.312 ** −1.091 * −2.157 **

(0.396) (0.524) (0.523) (0.516) (0.574) (0.778)
Observations 2790 2790 2790 2790 2684 2790
Pseudo R2 0.110 0.099 0.116 0.116 0.120 -

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

4.3. Heterogeneity Analysis

The effect of digital rural development may vary across herders because their labor
mobility, household responsibilities, communication ability, and access to employment
opportunities differ. To explore these possible differences, this study conducts subgroup
analyses by gender, ethnicity, Mandarin proficiency, terrain, and county economic con-
ditions. Because no formal between-group coefficient-difference tests are conducted, the
subgroup estimates in this section are interpreted as descriptive patterns only.

Table 7 reports subgroup estimates by household-head gender and ethnicity. The
coefficient is positive in both gender subsamples but is estimated more precisely among
male-headed households. Because the female-headed subsample is substantially smaller,
the difference in precision may partly reflect sample size. Without a formal between-group
comparison, the estimates should not be interpreted as evidence of a statistically signifi-
cant gender difference. Across the three ethnic categories, the coefficient is positive and
statistically significant. However, separate subgroup estimates do not establish statistically
different associations across ethnic groups. The results therefore indicate that the positive
association is observed across the reported ethnic categories, rather than demonstrating
ethnic heterogeneity.

Table 7. Effects of digital rural development on herders’ non-farm employment by gender
and ethnicity.

(1) (2) (3) (4) (5)
Male Female Tibetan Han Other Ethnic Groups

Digital rural development 0.041 *** 0.014 0.032 *** 0.035 *** 0.052 **
(0.007) (0.022) (0.011) (0.010) (0.021)

Controls YES YES YES YES YES
Region FE YES YES YES YES YES
Time FE YES YES YES YES YES
_cons −1.511 *** −1.866 −1.279 −0.157 −3.305

(0.543) (1.714) (0.867) (1.021) (2.011)
Observations 2520 270 1082 1098 610
Pseudo R2 0.130 0.151 0.113 0.110 0.141

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively.
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Table 8 reports the subgroup estimates by Mandarin proficiency. Coefficients are
positive in every Mandarin-proficiency group and become more precise from the basic-
communication category onward. They do not rise monotonically, however, and subgroup
significance cannot establish either a threshold or a between-group difference. The esti-
mates therefore provide descriptive, rather than confirmatory, evidence of variation by
language proficiency.

Table 8. Heterogeneity analysis by Mandarin proficiency.

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

Cannot Can Understand
Only

Simple
Communication

Fluent
Communication

Fluent Speaking
and Writing

Digital rural development 0.032 0.057 0.055 ** 0.043 *** 0.048 ***
(0.037) (0.034) (0.022) (0.014) (0.011)

Controls YES YES YES YES YES
Region FE YES YES YES YES YES
Time FE YES YES YES YES YES
_cons −4.028 ** 1.359 −2.586 −1.658 −0.817

(1.634) (2.074) (1.640) (1.503) (0.914)
Observations 498 224 284 461 1317
Pseudo R2 0.105 0.186 0.193 0.174 0.173

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively.

Digital vacancies and services are useful only when a job seeker can interpret informa-
tion and communicate with employers. Mandarin proficiency could therefore complement
connectivity in online searches and workplace interactions. However, the non-monotonic
coefficients and absence of formal cross-group tests prevent a threshold interpretation.
At most, the pattern is compatible with complementarity between language skills and
digital access.

Table 9 reports estimates by terrain and county income. Columns (1) to (3) show
positive coefficients in mountainous, hilly, and plain areas. The association is significant in
mountainous and plain areas, while the estimate for hilly areas is less precise. However,
the coefficients are similar across the three groups, so the insignificant result for hilly areas
should not be interpreted as evidence of a weaker effect. The findings point to a broadly
positive relationship across different terrain conditions rather than clear terrain-based
heterogeneity. In mountainous areas, digital services may help herders overcome dispersed
settlements, poor transport conditions, and limited access to employment information. The
positive estimate for plain areas also suggests that the role of digital rural development is
not limited to places facing severe geographic barriers.

The county-development results are more complex. The association is positive in
low- and high-income counties but negative and statistically significant in middle-income
counties. Low-income counties may gain substantially from improved digital access. High-
income counties may have labor markets that convert digital resources into employment
more effectively. In middle-income counties, digital tools may instead support agricultural
or pastoral production during a transitional stage [51].

Table 9. Effects of digital rural development on herders’ non-farm employment by terrain conditions
and county-level economic development.

(1) (2) (3) (4) (5) (6)
Mountainous Hilly Plain Low Middle High

Digital rural development 0.047 *** 0.047 0.040 ** 0.164 *** −0.780 ** 0.062 ***
(0.009) (0.028) (0.019) (0.021) (0.320) (0.016)

Controls YES YES YES YES YES YES
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Table 9. Cont.

(1) (2) (3) (4) (5) (6)
Mountainous Hilly Plain Low Middle High

Region FE YES YES YES YES YES YES
Time FE YES YES YES YES YES YES
_cons −2.288 *** −1.533 −4.246 ** −23.860 *** 30.226 * 73.759 ***

(0.675) (2.304) (2.011) (2.223) (15.450) (11.380)
Observations 1598 660 525 768 1317 705
Pseudo R2 0.135 0.148 0.110 0.175 0.117 0.104

Note: County-level economic development is measured using 2020 county GDP. The sample counties
are divided into low-, middle-, and high-development groups using tertiles of the county-GDP
distribution. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

4.4. Further Analysis

The baseline results show a positive association between digital rural development and
non-farm employment, but local industrial structure and household production constraints
may condition this relationship. Pastoral labor is often embedded in agricultural and
livestock production. We therefore examine primary-industry value added and forage
cultivation as moderating variables. Table 10 reports the results.

Table 10. Moderating effects of digital rural development on non-farm employment.

(1) (2)
Non-Farm Employment Non-Farm Employment

Digital rural development 0.048 *** 0.039 ***
(0.008) (0.007)

Primary-industry added value 0.042 **
(0.019)

Forage cultivation 0.500
(0.339)

Digital rural development × primary-industry added value −0.002 ***
(0.001)

Digital rural development × forage cultivation −0.019 **
(0.008)

Controls YES YES
Region FE YES YES
Time FE YES YES
_cons −1.737 *** −1.169 ***

(0.555) (0.537)
Observations 2790 2790
Pseudo R2 0.118 0.123

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively.

The interaction between digital rural development and primary-industry value added
is negative and statistically significant. The negative interaction coefficient is consistent with
a weaker association in the Probit latent-index equation in counties with larger primary-
industry value added. One possible explanation is that counties with larger primary-
industry output provide more scope for digital services to support production, input
procurement, and product marketing within agriculture and animal husbandry [52]. This
interpretation remains tentative because primary-industry value added does not directly
measure labor absorption or sectoral returns.

The interaction between digital rural development and forage cultivation is also
negative and significant. Forage cultivation links cropland, livestock, and household labor
more closely. It requires time for planting, field management, harvesting, transport, and
storage. Households engaged in these activities may have less flexibility to respond to
employment information provided by digital platforms. Digital development may also
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be used to improve forage and livestock production rather than support labor movement
outside agriculture. Nevertheless, forage cultivation may be endogenous to household
employment decisions. Herders who are already more committed to agricultural and
pastoral production, or less willing to seek outside work, may also be more likely to
cultivate forage.

Overall, the negative interaction coefficients are consistent with H2a and H2b in
the latent-index specification, although they are not direct estimates of differences in
predicted probabilities.

Digital rural development may influence non-farm employment through improved
financial conditions and changing consumption patterns. We therefore examine digital
finance and digital consumption as two potential mechanisms. Table 11 reports the results.

Digital rural development is positively associated with digital finance at the 1% level.
Pastoral areas are geographically dispersed and often lack conventional financial outlets.
Online and inclusive financial services may reduce the costs of credit, payments, and fund
management. They may also ease liquidity constraints during employment transitions
and non-farm business activities [53]. These results support digital finance as a potential
channel linking digital rural development to non-farm employment.

The digital-consumption results indicate a second potential channel. Digital rural
development expands access to goods, services, and platform-based consumption. Greater
reliance on market purchases can increase households’ need for regular cash income.
Herders may consequently have stronger incentives to pursue migrant work, services, or
other non-farm activities [54].

Digital finance may operate through supply-side conditions by easing financial con-
straints and lowering transaction costs. Digital consumption may operate through demand-
side incentives by increasing market participation and the need for cash income. The
results are therefore consistent with H3 and H4, although the cross-sectional design does
not establish a complete causal sequence.

The estimated proportion mediated is 16.3% for digital finance and 37.7% for dig-
ital consumption. These proportions indicate the relative size of the estimated indirect
associations within the current model rather than the share of a definitively established
causal effect. Because digital rural development, digital finance, and digital consump-
tion are all measured at the county level, the decomposition may partly reflect common
county-level digital conditions. The estimated proportions should therefore be interpreted
as suggestive evidence of potential transmission channels rather than precise measures of
household-level mediation.

Table 11. Digital rural development and employment mechanisms.

Panel A. Regression paths

Variables
(1)

Non-farm
employment

(2)
Digital
finance

(3)
Non-farm

employment

(4)
Digital

consumption

(5)
Non-farm

employment

Digital rural development 0.008 *** 0.054 *** 0.007 *** 1.671 *** 0.005 ***
(0.002) (0.004) (0.002) (0.049) (0.002)

Digital finance 0.025 ***
(0.006)

Digital consumption 0.002 ***
(0.001)

Controls YES YES YES YES YES
Region FE YES YES YES YES YES
Time FE YES YES YES YES YES
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Table 11. Cont.

Panel A. Regression paths

Variables
(1)

Non-farm
employment

(2)
Digital
finance

(3)
Non-farm

employment

(4)
Digital

consumption

(5)
Non-farm

employment

Constant 0.073 92.979 *** −2.253 *** −10.011 ** 0.092
(0.140) (0.363) (0.697) (4.250) (0.140)

Observations 2790 2790 2790 2790 2790
R2 0.111 0.771 0.115 0.770 0.114

Panel B. Sobel–Goodman tests and effect decomposition

Test or effect Digital finance Digital consumption

Sobel estimate (SE) 0.001 ***
(0.000)

0.003 *
(0.001)

Sobel z (p-value) 3.293
(0.001)

2.981
(0.003)

Aroian z (p-value) 3.283
(0.001)

2.979
(0.003)

Goodman z (p-value) 3.302
(0.001)

2.982
(0.003)

Path a coefficient (SE) 0.054 ***
(0.004)

1.671 ***
(0.049)

Path b coefficient (SE) 0.025 ***
(0.007)

0.002 ***
(0.001)

Indirect effect, a × b (SE) 0.001 ***
(0.000)

0.003 ***
(0.001)

Direct effect, c′ (SE) 0.007 ***
(0.002)

0.005 ***
(0.002)

Total effect, c (SE) 0.008 ***
(0.002)

0.008 ***
(0.002)

Proportion mediated 0.163 0.377
Indirect-to-direct ratio 0.194 0.604
Total-to-direct ratio 1.194 1.604

Notes: Column (1) reports the total-effect model. Columns (2)–(3) correspond to the digital-finance
mechanism, and Columns (4)–(5) correspond to the digital-consumption mechanism. Standard errors
are in parentheses and are clustered at the village level. Controls and region and time-fixed effects are
included in all models. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.

5. Discussion
The positive association in this study accords with evidence from Nigeria, Ghana,

India, Bangladesh, Tanzania and other countries. That literature links broadband, mobile
phones, and digital finance to improved access to employment and markets [8,55–57].
Lower information and transaction costs are a common explanation. Our contribution
differs in scale; we measure the county digital environment, not household use of one
device or service.

Pastoral production does not guarantee better employment for those with better
digital access. Connectivity can help people in remote areas access job opportunities
and services in the city. It cannot release workers for livestock care, seasonal grazing or
other household production. Digital access is thus an information constraint relaxation
without a time constraint relaxation. Diversity analysis has also shown that place, language
capability and the level of development in a particular county all affect how households
use available information.

Existing evidence suggests that limited digital skills and geographical isolation can
weaken the benefits of digital infrastructure. These constraints may prevent households
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from turning digital access into economic opportunities [58,59]. Language proficiency is an-
other important factor. Greater proficiency in the dominant language of the labor market is
associated with better job matching and higher labor market returns [60,61]. Taken together,
this evidence offers a plausible interpretation of the observed heterogeneity. Digital rural
development may reduce information asymmetry, but better access to information does not
necessarily translate into non-farm employment. Its potential employment benefits remain
conditional on household labor constraints, human capital, and local economic conditions.

Non-linear patterns in county income groups may indicate different stages of economic
development. Basic digital access will show a relatively large improvement in poorer
counties due to the initial information gap. Rich counties have more jobs and institutions
that can better connect information with employment opportunities. Counties in the
middle have improved connectivity but are still lacking in sufficient enterprises, services
and non-farm employment opportunities [62,63]. Digital information may not be translated
into actual employment. That said, this interpretation is not final. County income is
a general index that also includes infrastructure, industrial structure, human capital and
fiscal capacity. Therefore, the results of these subgroups should be regarded as descriptive
patterns and not as causal evidence that the level of income itself alters the effect of digital
rural development.

Moderation results show two production-side restrictions. Areas with higher output
of the primary sector are more likely to be the beneficiaries of new digital services rather
than sites for labor relocation [64]. Fodder cultivation also needs family labor in the field
and at home [65,66]. Both conditions will restrict the freedom required for off-duty time.
Primary-industry value added also indicates county resources, fiscal strength, market
scale and development stage. Forage cultivation may also be the result of employment
preferences that occurred earlier.

The channel estimates are consistent with research on digital financial inclusion.
Mobile money can lower transaction costs and support market participation where conven-
tional financial outlets are sparse [67]. For pastoral households, digital finance may simplify
payments and provide liquidity during a move into non-farm employment [68]. Digital
consumption implies a different incentive. Access to a broader set of purchased goods
and services can increase demand for regular cash income. Thus, finance may ease entry
constraints, whereas consumption may increase the incentive to earn cash. County-level,
cross-sectional data cannot establish either sequence as household-level mediation.

Network coverage is therefore only one component of digital inclusion. Herders must
also have the language skills, available labor, financial access, and local vacancies needed to
act on digital information. The pastoral evidence shows that digital development remains
embedded in household production and county economic structure.

6. Conclusions and Policy Implications
This study combines survey data from 2790 herder households in pastoral areas of

Gansu, Qinghai, Sichuan, and Tibet, collected during 2023–2025, with the 2020 County
Digital Rural Development Index and county-level statistical data. It examines the relation-
ship between digital rural development and herders’ non-farm employment. The baseline
estimates show a positive and statistically significant association. This result remains after
controlling for household-head, household, village and county characteristics, together
with province and survey-year fixed effects. Instrumental-variable estimates and several
robustness checks also retain the positive direction. The heterogeneity results generally
show a positive trend, but there are no formal differences in gender, ethnicity, Mandarin
proficiency or terrain among them. The results for all county-development groups are
non-monotonic. That is, they are positive for low- and high-development counties and neg-
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ative for the middle-development group. The interaction terms for primary-industry value
added and forage cultivation are also negative in the Probit latent-index equation. Based on
the above results, digital access alone is insufficient. Commitments to household labor and
local industrial conditions may prevent better digital access from being used for non-farm
employment. Channel analysis suggests that digital finance and digital consumption are
the two likely paths. Digital finance will reduce liquidity pressure and transaction costs,
and digital consumption may expand market participation and demand for regular cash
income. Both indicators are only available at the county level. Digital rural development
can provide more employment opportunities in practice, but for herders to benefit, they
still need available jobs and suitable skills in their areas.

Based on the above analysis, the following policy recommendations are proposed.
First, the digital rural development should meet the actual needs of herders for employment
transformation, livestock product sales, financial services and public services. Strengthen
efforts to improve the stability of the network, enhance the accessibility and adaptability of
the platform and digital services, build an efficient digital infrastructure for herders to access
information and market connections conveniently, and expand employment opportunities.
Second, targeted training will be organized for middle-aged and older herders, female
herders, and those with weaker Mandarin skills. The content of training should cover
digital literacy, job information collection, platform application and Mandarin language.
This will reduce the threshold for using digital tools and expand the scope of digital
dividends. Third, improve access to digital financial services in pastoral areas. Policies
should focus on increasing the accessibility and convenience of digital financial services,
reducing transaction costs, and easing liquidity constraints for herding households. This
can help herders participate more effectively in non-farm employment and make better use
of employment opportunities beyond traditional livestock production. Fourthly, account
for the local circumstances in the policy. In areas with a large proportion of the primary
industry, digital rural services need to help promote the modernization of agriculture and
animal husbandry. Areas with stronger foundations in the secondary and tertiary industries
need to connect digital platforms more effectively with the labor market, service sector, and
county-level industrial system.

This study has several limitations. First, the study combines independent household
surveys conducted between 2023 and 2025. It therefore cannot track changes within
the same households over time. As a result, the analysis cannot reflect later changes in
local digital conditions. Fixed effects for province and survey year account for broad
regional differences and common shocks. However, unobserved county characteristics
may still influence the estimates. Historical landline penetration provides an additional
check on the main result. It may also reflect persistent differences in county development.
The instrumental variable results are therefore interpreted together with the baseline
and robustness estimates. Second, the respondent’s main occupation, usually that of the
household head, represents the household’s overall employment orientation. This measure
does not cover secondary work, seasonal work, or employment undertaken by other
household members. It may therefore provide only a partial picture of household labor
allocation. Third, the indicators of digital rural development, digital finance, and digital
consumption are measured at the county level. They describe the local digital environment
rather than the actual digital behavior of individual households. The channel analysis
therefore identifies possible pathways, but it cannot show how these processes unfold
within households. Other relevant channels, including digital skills, social networks, and
platform employment, are not examined. Future research could use panel data, updated
digital indicators, detailed employment histories, and direct measures of household digital
service use.
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