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Mobile Internet Use and Climate Adaptation: 
Empirical Evidence from  

Vietnamese Coffee Farmers 

Goytom Abraha Kahsay, Nerea Turreira Garcia,  
and Aske Skovmand Bosselmann *

This paper investigates the association between Mobile Internet Use (MIU) and climate 
adaptation of Vietnamese coffee farmers. We find that farmers with access to mobile internet 
are more likely to take adaptation measures and obtain higher coffee yields using both simple 
regression and instrumental variable (IV) models. Our data suggests that the adaptation 
results are driven by changes in water and crop management practices as well as mediated by 
farmers’ access to weather forecasts and farm price information. Policy support for MIU may 
enhance climate resilience of farmers in developing countries. 
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Introduction 

Climate change is affecting smallholder farmers in many parts of the world, but those with access 
to information on climate and technologies are in a better position to take adaptation measures 
(Adger, Arnell and Tompkins, 2005; Hassan and Nhemachena, 2008; Deressa et al., 2009; Di 
Falco, Veronesi and Yesuf, 2011; Frank et al., 2011; Bryan et al., 2013). While much of the 
climate adaptation literature focuses on traditional information sources such as social networks, 
interactions with input dealers and extension services, there is an increasing emphasis on the role 
of information and communication technology (ICT) 1  on climate adaptation and mitigation 
(Aubert, Schroeder and Grimaudo, 2012; Kroschel et al., 2013; Westermann et al., 2018). In 
contrast to traditional information sources and communication strategies, ICT offers a great leap 
forward in (i) improving access to a variety of information and knowledge on, e.g., market prices, 
climate change, and climate smart-technologies; (ii) expanding outreach as well as  increasing 
rapidity and flexibility of  information delivery; and (iii) facilitating a platform for governments, 
NGOs and private companies to share context relevant and timely information and advice to 
farmers through SMS, audio and video, or agri-advisory smartphone applications (Pretty, Toulmin 
and Williams, 2011; Westermann et al., 2018).  

While ICT may contribute to the adaptation process in various ways, one of the most direct 
forms is when ICT is in the hands of smallholder farmers’ themselves. With the expansion of 
mobile phones and mobile internet coverage, farmers have unprecedented access to information, 
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for instance, on weather, finance mechanisms, best farming practices and improved yields, 
through simple text based messages or smartphone applications (Baumüller, 2017; Krell et al., 
2020).2 However, empirical studies on why and how Mobile Internet Use (MIU) affects climate 
adaptation among smallholder farmers in developing countries remain scant. In this paper, we 
investigated the association between Mobile Internet Use (MIU) and climate adaptation among 
Vietnamese smallholder coffee farmers.  

The literature on the role of ICT on production and welfare of smallholder farmers in 
developing countries mostly focuses on ownership of mobile phone or SMS services and generally 
finds a positive effect on technology adoption and agricultural productivity (see Aker (2011) and 
Aker, Ghosh and Burrell (2016) for surveys on ICT and agriculture).3 A small number of recent 
empirical studies investigate the role of internet access on smallholder farmers in developing 
countries. Internet is found to affect prices (Goyal, 2010), use and efficiency of fertilizer 
applications (Kaila and Tarp, 2019; Yuan, Tang and Shi, 2021), technical efficiency (Zhu et al., 
2021), and agricultural output (Chavula, 2014; Kaila and Tarp, 2019), rural cropland 
abandonment (Deng et al., 2019), market participation (Fan and Garcia, 2018), and rural income 
(Ma et al., 2020). Empirical studies on the impact of MIU on climate adaptation practices of 
smallholder farmers in developing countries, however, appear to be missing.  

The main objective of this paper is to investigate the association between MIU and climate 
change adaptation. Additionally, we analyze the link between adaptation and coffee yield. We use 
a unique cross-sectional data collected in Spring 2019 among 400 Vietnamese Robusta coffee 
farmers, which include, among others, details of climate change perceptions and exposure, 
adaptation practices and the use of ICT. We first investigate the association between MIU and 
climate adaptation using simple OLS and Probit models. The results suggest a positive correlation 
between the two. However, identifying causal relationship between MIU and adaptation is 
challenging as MIU is likely to be affected by unobserved farmer characteristics, for instance, 
innate preference or openness for mobile internet in particular. We, therefore, employ an 
instrumental variable (IV) approach, in which farmer-level MIU is instrumented by commune-
level MIU (share of people in the commune who use mobile internet), to circumvent omitted 
variable bias. Theories of technology diffusion, peer effects and social learning (e.g., Foster and 
Rosenzweig, 2010) suggest that commune-level MIU is a relevant instrument and thus explains 
household-level MIU in the first stage regression. All communes in our data have easy access to 
mobile phone and internet technologies. Moreover, CMIU is unlikely to correlate with farmer-
level unobserved characteristics. As a result, we argue that CMIU could be assumed to be 
exogenous in our context. Finally, for a valid causal inference, our IV should not affect farmer-
level climate adaptation directly or through other channels. To mitigate such concerns, we control 
for, in addition to key socio-demographic characteristics, proxies of wealth, risk and trust 
preferences, and other sources of information and advice related to coffee production and climate 
adaptation. However, care should be taken when interpreting our IV results since we cannot 
completely rule out potential household and commune-level unobservable factors that may drive 
both MIU and climate adaptation.  

 
2 Open networks, such as Wefarm, and coffee and cocoa buying companies, such as Olam, Nestlé Vietnam 
and Neumann Kaffee Group, are increasingly promoting smartphone applications emphasizing finance 
mechanisms, best farming practices and improved yields. 
3 Some studies find that farmers use of ICT increases technology adoption and agricultural productivity 
(Lio and Liu, 2006), land and labor productivity (Ogutu, Okello and Otieno, 2014), market efficiency 
(Jensen, 2007), and market participation (Muto and Yamano, 2009; Fan and Garcia, 2018), household 
welfare (Sekabira and Qaim, 2017) as well as decreases price dispersion (Jensen, 2007; Aker and 
Fafchamps, 2013). However, other studies find no effect of ICT on market participation (Fafchamps and 
Minten, 2012), prices (Fafchamps and Minten, 2012; Aker and Fafchamps, 2013; Tadesse and Bahiigwa, 
2015), adaptation measures (Asfaw et al., 2019), and production practices or technology adoption 
(Fafchamps and Minten, 2012). 
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The IV regression results confirm the OLS findings that MIU is associated with an increase 
in the likelihood of coffee farmers taking adaptation measures. These results remain robust 
irrespective of how we construct the adaptation variable: (i) a binary indicator of whether the 
farmers take any adaptation measure; (ii) a binary indicator of whether farmers implemented at 
least one of the adaptation measures listed in the questionnaire; and (iii) number of adaptation 
measure implemented by farmers. We also categorize the list of adaptation measures into pest 
management, changes in planting and harvesting time, water management, shade tree 
management, and crop management. The OLS and IV results suggest that the association between 
MIU and climate adaptation is driven by changes in water and crop management practices. An 
additional analysis using Propensity Score Matching (PSM) confirms these results. To investigate 
the association between farmers’ climate adaptation and coffee yield, we estimate a Cobb-Douglas 
production function and three-stage least squares (3SLS) models and find that adaptation is 
associated with higher coffee yield. Finally, looking into potential mechanisms through which 
MIU influences adaptation, we find that farmers are more likely to get timely weather and price 
information when they have mobile internet access, which are crucial to farmers’ climate 
adaptation. Price information affects farmers’ decision on, for instance, what farm input and when 
to buy as well as which crop to plant or mix while weather information affects the timing of 
fertilizer and pesticide applications, irrigation use, planning of harvesting and other on-farm 
activities such as pruning and shade trees. Changes in fertilizers and pesticide applications may 
involve an increase/decrease in their quantities or efficiency in their use. For instance, using a 
panel data, Kaila and Tarp (2019) find that internet access at commune level increased efficient 
use of fertilizers among Vietnamese farmers. 

The rest of the paper is organized as follows. We presented coffee production and climate 
change in Vietnam in section 2. Section 3 presents the data, section 4 describes the econometric 
method and identification strategy, and section 5 presents the descriptive and regression results. 
Section 6 follows with the discussion and the conclusions are presented in section 7. 

Coffee Production and Climate Change in Vietnam 

Vietnam is the world’s second largest coffee producer and Robusta coffee brings billions of 
dollars to the Vietnamese economy yearly (Ho et al., 2018). Vietnams’ coffee production is 
mainly concentrated in the Central Highlands and plays an important role in rural livelihoods. For 
example, in Dak Lak province, coffee accounts for 96% of the local income (Marsh, 2007). The 
coffee production is highly intensified; smallholder farms are usually one to two ha and produce 
2.2t/ha of dry green beans on average. Coffee is often planted together with black pepper at a tree 
density of 850 to 1,200 coffee trees/ha together with 1,000 – 2,500 black pepper plants (Tiemann 
et al., 2018). 

The Central Highlands enjoy a tropical monsoon climate characterized by distinct rainy and 
dry seasons. Temperatures oscillate between 18-25°C all year around, and the precipitation ranges 
from 1750 to 3150 mm, depending on the altitude and geographical location. By the year 2100, 
Vietnam is expected to experience a 1 to 3.4°C rise in temperature and extreme rainfall events 
(World Bank Group and Asian Development Bank, 2020); an exponential increase in the number 
of hot days in a year and long duration of droughts (Haggar and Schepp, 2012); and unpredictable 
rainy seasons (Pham-Thanh et al., 2020). These predictions are expected to substantially affect 
coffee production by reducing the area suitable for coffee production, intensifying soil erosion, 
reducing soil fertility and increasing pests and diseases (Bunn et al., 2015). From 2008 to 2017, 
four drought years were observed in the majority of coffee districts across the central Highlands, 
with the 2015-drought being most severe, negatively affecting yields and income margins as well 
as lowering water reservoirs in the following season with up to 50 % (Byrareddy et al., 2021). 
Thus, without farmers adapting their management practices to a changing weather and climate, 
their livelihood is at great risk.  
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Current adaptation practices among coffee farmers in Vietnam mainly include water 
management techniques (such as using sprinklers, irrigating rotationally, building water 
reservoirs), crop diversification and  intercropping of coffee with pepper and/or avocados (Thi 
and Chaovanapoonphol, 2014; Nguyen and Nguyen, 2019; Byrareddy et al., 2021). Nguyen and 
Drakou (2021) found that these adaptation practices are influenced by coffee farmers’ perception 
of climate change and social pressure as well as their past behavior, while Byrareddy et al. (2021) 
find mulching as adaptation strategy to be influenced positively by farm ownership as compared 
with tenancy With faster penetration of mobile phone technology (World Bank Group, 2016) and 
high number of internet users (about 70% of the population in 2018) (World Bank Group, 2019), 
MIU has a great potential to enhance adaptatioon capacity and resilience of smallhodler coffee 
farmers in Vietnam. Recent studies on the use of ICT among Vietnamese smallholders suggest 
that most surveyed famers deemed mobile phones as an effective tool for accessing agricultural 
information, and younger, educated and relatively richer farmers more likely to effectively use 
them (Hoang, 2020a, 2020b, 2020c). Moreover, there is an increasing focus by the Ministry of 
Agriculture and Rural Development to promote the use of ICT for agricultural information 
distribution and extension services (Ministry of Agriculture and Rural Development, 2018),  

Data 

We conducted a survey among Vietnamese smallholder coffee farmers in Spring 2019. A total of 
400 randomly selected coffee farmers were interviewed from two provinces and four districts (Cu 
M'gar and Krong Buk in Dak Lak province and Lam Ha and Bao Lam in Lam Dong). The survey 
data include socio-demographic characteristics, economic indicators, coffee farming, agronomic 
practices, use of ICT, access to information (e.g., weather, price, farming practices, etc.), exposure 
to extreme weather events, adaptation practices and personal attitudes towards trust and risks.  

We asked the sampled farmers about their access to different ICTs including whether they 
own a mobile phone, the type of the phone (smartphone or basic phone) and whether they have 
mobile internet access, television (TV), radio, personal computer (PC) and tablets. They were 
asked specifically to indicate the purpose of their internet use: weather information, prices, social 
media, internet-based calling and messaging apps, and news. Farmers were also asked to indicate 
if they have access to other sources of information and advice on coffee production and climate 
adaptation including from farmer organizations (farmer association, farmer unions, farmer 
cooperatives and women organizations); coffee companies (buyers, dryers, exporters, certifiers 
and input suppliers); friends, relatives and neighbors; extension agents and non-governmental 
organizations (NGOs).  

The sampled farmers were asked whether they have experienced climate shocks over the past 
five and ten years as well as number of these shocks over the past five years. In addition, 
respondents were asked to indicate the changes in climate they perceived from a list of 23 items, 
which included, among others, higher and lower temperatures, more and less rain, longer and 
shorter dry and rainy season. We also asked the respondents to indicate whether they faced 
consequences of the changes in climate from a list of 12 items, which included, among others, 
changes in yield, pest occurrences and severity, erosion, and coffee flowering. Finally, they were 
asked whether they took any adaptation measures and specifically to indicate which measures 
they implemented from a list of 16 items, which included changes in spraying and water 
management practices, changing planting date, intercropping and use of improved varieties. 

We collected socio-demographic and economic variables such as age, gender, years of 
schooling and income; and agronomic variables such as coffee plot sizes, coffee yield per ha and 
labor use (in person days), quantity of fertilizer and spraying cost; and proxies for preferences 
such as risk taking and trust. Risk taking was measured on an 11-point Likert scale following 
Dohmen et al. (2011) in which participants were asked to indicate their risk taking on a scale from 
0 (risk averse) to 10 (very prepared to take risks). Generalized trust was measured on a 5-point 
Likert scale following Kosse et al. (2020) in which participants were asked to indicate how much 



Kahsay, Garcia, and Bosselmann Mobile Internet Use 5 

they agreed on a scale from 1 (totally disagree) to 5 (totally agree) to the following three 
statements: (i) “One can trust other people”, (ii) “Other people have good intentions towards me”, 
and (iii) “One can rely on other people, even if one does not know them well”.  Generalized trust 
was then measured as an average of responses for the three statements. Detail descriptive results 
are presented in section  

Econometric Method and Identification Strategy 

We want to explain variations in adaptation among smallholder coffee farmers by MIU while 
controlling for other farmer-level characteristics. We first specify simple probit and OLS models 
in which we regress adaptation on MIU and other controls as follows: 

(1) 𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛! = 𝛽" + 𝛽#𝑀𝐼𝑈! + 𝛽$𝑋! + 𝜀!. 

𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛!  refers to a binary indicator (1 if the farmer takes any adaptation measure, 0 
otherwise) while 𝑀𝐼𝑈!  is a binary indicator (1 if the farmer has mobile internet access, 0 
otherwise). Our main interest is 𝛽# which captures the association between MIU and adaptation. 
𝑋! refers to a vector of socio-demographic and economic control variables while 𝜀! is the error 
term. 𝑋! includes age, gender, household size, education, income, total land holding, TV and radio 
ownership. We also include an indicator variable on whether farmers receive information and 
advice on coffee production and climate adaptation from other sources (e.g., friends, relatives and 
neighbors) as well as whether farmers have experienced climate shocks. We control for farmers’ 
risk preferences and trust, which have been found to affect climate adaptation of farmers. Previous 
studies show that risk preferences are important determinants of farm management decisions in 
general (Chavas, Chambers and Pope, 2010) and climate adaptation in particular (Jianjun et al., 
2015). The literature on the link between social capital (often proxied by trust) and climate 
adaptation also finds both negative and positive correlations (e.g., Wossen, Berger and Di Falco, 
2015; Paul et al., 2016; Wuepper et al., 2017; Cologna and Siegrist, 2020). We hypothesize that 
farmers with a higher trust are more likely to adopt new adaptation practices. Collinearity does 
not appear to be a problem in our data as can be seen from the correlation matrix in Table SM1 in 
the Online Supplementary Material (OSM).  

With cross-sectional data, identifying the causal effect of internet access on adaptation is 
difficult since MIU is most likely affected by unobserved farmer-level characteristics such as 
innate preference or openness for new technologies in general and mobile internet in particular. 
This makes MIU endogenous and thus prone to omitted variable bias. To circumvent omitted 
variable bias, we estimate the following instrumental variable (IV) approach for the OLS model, 
in which we instrument MIU by sample commune-level MIU (CMIU), which is the share of 
sampled farmers in each commune who use mobile internet. We believe that this variable is a 
good proxy for the population CMIU given our sampling is random and proportional to each of 
the commune’s population.  

(2) 𝑀𝐼𝑈! = 𝜌" + 𝜌#𝐶𝑀𝐼𝑈! + 𝛽$𝑋! + 𝜖!, 

(3) 𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛! = 𝛽" + 𝛽#𝑀𝐼𝑈!∗ + 𝛽$𝑋! + 𝜀!, 

Where 𝐶𝑀𝐼𝑈! is commune-level MIU and 𝑀𝐼𝑈!∗ is the predicted farmer-level MIU. 𝑋! refers to a 
vector of socio-demographic and economic control variables as in equation (1) and 𝜀! is the error 
term. 

For a valid causal inference, our IV must be relevant, exogenous and fulfill the exclusion 
restriction criteria. We argue that CMIU is a relevant instrument as it shows the diffusion of 
mobile internet use among farmers and is expected to explain household-level MIU in line with 
theories of technology diffusion, peer effects and social learning (e.g., Foster and Rosenzweig, 
2010). Given that there is no difference among communes in our sample in terms of availability 
of mobile phones and internet technologies and farmer-level unobserved characteristics are 
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unlikely to correlate with CMIU, we argue that CMIU could be assumed to be exogenous. Finally, 
we assume that CMIU does not affect farmer-level adaptation directly or through other channels. 
While this assumption cannot be directly tested using econometric techniques, it can be argued 
based on theoretical or local contextual factors. We argue that the fact that other people in the 
commune are using mobile internet is not likely to directly affect farmer’s climate adaptation. 
There could, however, be an indirect effect, for instance, non-internet users might get information 
or advice about weather, prices and new technologies and farm management practices, which are 
important for climate adaptation, from internet users in the commune, who can be neighbors, 
friends and relatives, farmer organizations, extension workers, coffee companies (e.g., suppliers, 
exporters, certifiers) or NGOs. This can be ruled out in our context for two reasons. First, 
implementing concrete adaptation measures require frequent, timely, flexible and detailed access 
to information, which is more likely to happen when a farmer can directly access the information 
(Kaila and Tarp, 2019). Secondly and more importantly, we have data on these sources of 
information and advice and control them in our regressions.  

Using aggregated variables at village or district levels as an IV for individual farmer decisions 
has previously been used in the technology adoption literature in general (Mathenge, Smale and 
Olwande, 2014; Smale and Mason, 2014; Arslan, Belotti and Lipper, 2017) and internet use in 
particular (Hübler and Hartje, 2016; Hartje and Hübler, 2017; Deng et al., 2019; Zhu et al., 2021). 
However, they have also been criticized. For instance, Betz, Cook, and Hollenbach (2020) argue 
that there are two main challenges that limit the use of spatial IVs (constructed by using the values 
of neighboring units) to establish causal associations. First, they argue that “spatial instruments 
require supporting the presence of one type of spatial relationship while concurrently denying 
other spatial relationships in the form of spillovers in predictors and interdependence in the 
outcomes” (Betz, Cook, and Hollenbach, 2020, p.474) and these assumptions may not be fulfilled. 
In our context, the exclusion restriction assumes that there is no direct spillover effect (CMIU → 
household-level adaptation) and indirect effects through interdependence of outcomes (CMIU→ 
commune-level adaptation→household-level adaptation) as argued above. Second, Betz, Cook, 
and Hollenbach (2020, p.474) argue that “spatial instruments produce simultaneity in the first 
stage and therefore are not exogenous—put simply, spatial instruments imply a first stage where 
left-hand side outcomes are included as right-hand side predictors”. In our context, this implies 
CMIU affects household-level MIU while at the same time CMIU is in part determined by 
household-level MIU.  

Despite these identification challenges, Sundquist (2021) argues that spatial instruments can 
still provide valid causal inference if both commune-level and household-level MIU are 
determined by an unobserved variable, which could have been a valid instrument had it been 
observed. Commune-level MIU is then used as a proxy for the unobservable variable, after 
controlling for any observable confounders. In our context, such unobservable factor that may 
explain cross-commune variation in MIU could, for instance, be the local norm of openness to 
mobile internet, which may evolve as a result of historical and cultural factors. However, if local 
norm of openness to mobile internet is correlated with local norm of openness to adaptation 
strategies, the exclusion restriction is less likely to hold. Sundquist (2021) further argue that while 
spatial instruments limit the ability to use commune-level fixed effects (because of perfect 
collinearity with the unobservable variable and commune-level MIU), researchers should use as 
many groups as possible to narrow the scope of threats to inference and demonstrate that the 
instrument is sufficiently strong by reporting the first-stage F-statistic. We have 18 communes in 
our data and the reported F-statistic is much higher than 10, the threshold partial F-statistic 
recommended by Stock, Wright and Yogo (2002).  

As an additional analysis, we confirmed the results we got from the simple models and IV 
regressions by using PSM. By increasing comparability between internet users and non-users 
based on observable characteristics, the decision to use mobile internet is assumed to be almost 
random for coffee farmers, who have similar values of the observable characteristics. 
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Finally, we used the following log-linearized Cobb-Douglas production function to 
investigate the association between climate adaptation and coffee yield. 

(4) 𝑙𝑛𝑌𝑖𝑒𝑙𝑑! = 𝛽" + 𝛽#𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛! + 𝛽$𝑙𝑛𝑌! + 𝜀!. 

𝑙𝑛𝑌𝑖𝑒𝑙𝑑! refers to natural logarithm of coffee yield per ha in 2018, while ln𝑌! refers to a vector of 
natural logarithm of inputs, which include labor (in person days), quantity of fertilizer and 
spraying cost (in USD). 𝜀! is the error term. Given that we have many farmers who do not use 
fertilizers and sprays, the natural logarithm transformation substantially reduces the number of 
observations. We use two approaches to address this problem. First, we follow Lin and Green 
(2016) and re-estimate our model by replacing the missing values with the mean of the 
corresponding variables and including dummy variables that indicate these replacements. Second, 
we follow Bellemare (2018) and use Inverse Hyperbolic Sine (IHS) transformation of these 
variables. The HIS transformation retains observations with negative or zero values through log-
like transformation ln	(𝑌 + √𝑌$ + 1). To circumvent potential endogeneity problems related to 
adaptation, we estimated a 3SLS model in which (i) yield is explained by adaptation, (ii) 
adaptation is instrumented by MIU, and (iii) MIU is instrumented by commune-level MIU as 
follow. 

(5) 𝑀𝐼𝑈! = 𝜌" + 𝜌#𝐶𝑀𝐼𝑈! + 𝛽$𝑋! + 𝜖!, 

(6) 𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛! = 𝛽" + 𝛽#𝑀𝐼𝑈!∗ + 𝛽$𝑋! + 𝜀!, 

(7) 𝑙𝑛𝑌𝑖𝑒𝑙𝑑! = 𝛽" + 𝛽#𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛!∗ + 𝛽$𝑙𝑛𝑌! + 𝜀!. 

𝑋! refers to a vector of socio-demographic and economic control variables while  𝑙𝑛𝑌! refers to a 
vector of natural logarithm of agricultural inputs. Our 3SLS model assumes that there are no direct 
and indirect (other than adaptation) channels through which MIU affects yield. 

Results 

Descriptive Results 

Climate shock and adaptation: As can be seen from Table 1 below, about 93% and 37% of 
farmers report that they have faced climate shocks over the past 10 and 5 years respectively. The 
most common changes in climate farmers perceived are related to changes in the amount and 
duration of rainfall, higher temperature, and longer and warmer dry seasons (48.4%) (see OSM 
Table SM2). As a consequence of these changes, farmers report lower yields (29.2%), fall of 
cherries (15.5%), reduced flowering (12%), and more pests (10.2%) (see OSM Table SM3). When 
farmers were asked if they implemented measures in their farm management as a result of changes 
in climate, about 58% of them reported implementing adaptation measures (see Table 1 below).4 
Of those who took adaptation measures, the most common measures include irrigation (65%), 
crop mix (32%), spraying (20%) and use of improved varieties (13%). In the overall sample, also 
considering non-adapters, the corresponding figures for irrigation, crop mix, spraying and 
improve varieties are about 38%, 18%, 12% and  8% respectively  (see OSM Table SM4). 

Source of information and advice on coffee production and climate adaptation: The 
coffee farmers in our sample report that they get information and advice about coffee production 
and adaptation measures from different sources including farmer organizations, coffee companies, 
extension agents, NGOs, and friends, relatives and neighbors. Table 1 above show that the most 
common sources of information and advice are friends, relatives and neighbors (62%) followed 

 
4 The question on measures farmers took in response to the changes in climate was immediately asked after 
farmers respond to the question on perceived changes in climate over the past 5 years. So, the adaptation 
practices may reflect any measures undertaken over the past five years.  
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by coffee companies (45%). Only 6.5% of the farmers report extension agents as source of 
information and advice. 

Information and communication technologies (ICTs): Farmers report that they have 
access to different ICTs including TV, radio, mobile phones, PC and tablets (see Table 1 above). 
89% of the coffee farmers have access to TV followed by mobile phones (81%). The majority of 
the mobile phone owners have smartphones (79.6%), or 65% of the total sample. Almost half of 
the sampled farmers have mobile internet access. Of those who use mobile internet, about 62% 
said they use internet daily and 70% said internet is not expensive. About 31% and 41% of the 
sampled farmers use internet to access information on weather forecasts and farm prices/coffee 
market, respectively (see OSM Table SM5).  

OSM Table SM6 shows the distribution of the main covariates by MIU, suggesting that 
mobile internet users are, on average, younger and more educated as well as have higher income 
and household size. But, there is no significance difference between mobile internet user and non-
users in terms of total land holding, gender and risk taking and trust preferences. The share of 
farmers who implemented adaptation measures is significantly higher among mobile internet 
users. Similarly, farmers who use mobile internet, on average, implemented significantly higher 
adaptation measures than non-users. Though mobile internet users have significantly higher 
access to smartphones than non-users, there is no significant difference between the two groups 
in terms of access to TV. Access to information and advice from friends, relatives, neighbors and 
extension agents appears to be significantly higher among mobile internet users. Finally, mobile 
internet users, on average, use more fertilizers and labor as well as obtain higher coffee yields, 
albeit the latter difference is statistically insignificant. 

Regression Results 

Table 2 below presents the main estimation results on the association between MIU and adaptation 
across alternative model specifications and construction of the adaptation variable. Column (1)-
(4) presents results from an OLS, Probit, matching and IV models respectively for a binary 
indicator on whether farmers took any adaptation measure. Columns (5)-(6) and (7-8) present 
OLS and IV results for binary indicator on whether farmers implemented a listed adaptation 
measure and number of implemented measures respectively. Full estimation results are reported 
in Appendix Table A1. 

The results indicate that farmers who use mobile internet are 14.6 percentage points (OLS 
model) more likely to implement adaptation measures. Considering the mean of climate 
adaptation (0.575), the estimated coefficient is economically meaningful. The magnitude of the 
estimated coefficients for the Probit (13.4 percentage points) and matching (18.1 percentage 
points) models are comparable to the OLS estimate, while the magnitude is much higher in the IV 
model (38.5 percentage points). Similarly, mobile internet users are 12 (OLS model)-42 (IV 
model) percentage points more likely to implement at least one of the adaptation measures listed 
Table A4. Finally, farmers’ use of mobile internet is associated with the implementation of 0.33 
(OLS model)-1.4 (IV model) more adaptation measures. The larger coefficients in the IV models, 
which is not uncommon in these kinds of analyses, may reflect that our IV approach addresses 
potential measurement errors or reverse positive effects of adaptation on MIU, in which case OLS 
would underestimate the true effect. Looking at the estimated coefficients of the control variables 
reported in the Appendix, years of schooling, risk taking and trust are positively and significantly 
associated with climate adaptation. The first stage results are reported in Table 3 (see Appendix 
Table A2 for full estimation results) and confirms the positive and significant association between 
commune-level internet access and individual farmer’s mobile use: a 10% increase in the share of 
commune-level mobile internet users is associated with 9 percentage points higher farmer-level 
mobile internet use. The partial F-statistic in column (3) is much greater than the threshold partial 
F-statistic recommended by Stock et al. (2002), which is 10. 
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Based on the individual adaptation practices of coffee farmers, we re-estimate our models by 
also categorizing these practices in 5 adaptation measures as reported in OSM Table SM4: pest 
management, changes in crop calendar, water management, shade tree management, and crop 
management. Both the OLS and IV results suggest that the association between MIU and climate 
adaptation is driven by changes in water and crop management practices (see OSM Table SM7).  

Table 4 below presents the main estimation results for the association between adaptation and 
coffee yield. Columns (1) and (2) present estimated results from a log-linearized Cobb-Douglas 
production function without and with control variables respectively. 5  Column (3) presents 
estimated results with control variables, replacing missing values with the mean of the 
corresponding variables and including indicator dummies for these replacements. Column (4) 
presents the third stage results of our 3SLS model, while columns (5) and (6) present the second 
and first stage results respectively. Full estimation results are reported in OSM Table SM8.6 

These results suggest that climate adaptation is significantly associated with higher coffee 
yield. That is, implementing an adaptation measure is associated with 15 percentage points higher 
coffee yield (column (1)). Re-estimation of the yield model with the five adaptation categories 
suggest that water, crop and pest management practices are significantly correlated with coffee 
yield (see OSM Table SM10).  

Discussion 

Our findings of a positive association between mobile internet use and climate change adaptation 
practices follows other recent empirical studies on the positive role of internet access among 
agricultural communities. In an early study of village internet kiosks providing information on 
prices, weather and agricultural practices, Goyal (2010) found that internet access led to higher 
prices and net profits among small-scale soy producers in India. Using a large panel dataset from 
Vietnam, Kaila and Tarp (2019) found that individual households’ internet access led to a higher 
volume of agricultural output for a range of crops. The increased volume was a result of more 
efficient use of chemical fertilizers among internet users. Their results are interesting, as more 
traditional information sources, such as extension services, radio and television did not have 
significant influences on agricultural productivity. Similar findings were made by Yuan, Tang and 
Shi (2021) on fertilizer use, while Zhu et al. (2021) found internet use to improve the technical 
efficiency of Chinese apple producing farm households through the acquisition of technological 
information.  

Our results suggest that coffee farmers were able to improve their yield when taking climate 
adaptive measures, which we found to be mediated by farmers’ access to mobile internet use. Our 
findings specifically contribute to the role of MIU for informing farmers’ decisions concerning 
adaptive measures, adding a source of more flexible as well as constantly and timely available 
information on top of traditional information sources. However, having a mobile phone and the 
means to receive information does not necessarily mean that agricultural information services are 
used. A number of factors including  digital literacy, affordability and relevant information 
sources play a role in farmers’ use of and benefits from mobile information services (Tadesse and 
Bahiigwa, 2015; Wyche and Steinfeld, 2015). 7  In Vietnam, mobile phones are among the 
preferred ICT tools to access agricultural information and the Ministry of Agriculture and Rural 

 
5 The substantial reduction in the number of observations in column (2) of Table 4 is due to many farmers 
who do not use fertilizers and pesticides, and thus logarithmic transformation implies that these are 
dropped out of the estimation. 
6 Results with inverse hyperbolic sine transformation of variables are reported in OSM Table SM9. 

7 In our data, although MIU and years of schooling are positively and significantly correlated (see OSM 
Table SM1), the estimated interaction term (between MIU and years of schooling) is insignificant after 
controlling for socio-demographic and economic control variables (see OSM Table SM11).  
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Development has put efforts into disseminating agricultural information to farmers, not only 
through traditional ICT outlets such as radio and TV but also through mobile phones (Kaila and 
Tarp, 2019; Hoang, 2020a). This helps to explain the positive association between MIU and 
climate adaptation among the Vietnamese farmers in this study. In contrast, Asfaw et al. (2019) 
found no effect of mobile phones on adaptation measures in a context where farmers received 
training on the studied adaptation measures indicating that in their case, information was not the 
limiting factor.  

MIU is expected to affect farmers’ climate adaptation through several channels. Firstly, MIU 
can affect adaptation by providing timely weather information to farmers, which is important for 
deciding when and which adaptation measures to implement. The value of real-time weather 
information has long been recognized in terms of improving production decisions, efficient use 
of inputs and irrigation as well as reducing weather related loses (Kenkel and Norris, 1997).  The 
timing of many farm management activities such as fertilizer and pesticides applications, 
harvesting, pruning and shade tree management depend on the weather. For instance, heavy rains 
may wash away leaf pesticides, e.g. mealybugs is often an issue in January/February before the 
rains start. If rains are delayed, spraying is an alternative. Seasonal forecasts can help farmers to 
plan for irrigation as well as practices that maintain soil and air humidity, such as mulch and shade 
tree management. Even shorter-term weather forecast may help to decide when to begin pruning 
of coffee trees and shade trees, as well as to carefully plan for fertilizer applications, avoiding 
heavy rains. This is also in line with previous evidence, which found that improved management 
of weather-related risks is one of the most often cited benefits of mobile phone information 
services to farmers (see Baumüller (2018) for a literature review). Secondly, it may help farmers 
get timely output price information, which could be used as an input, for instance, in mixing crops 
or price inputs such as fertilizer, improved varieties, and other inputs that are important for 
implementing climate adaptation. The timely information on prices of inputs and outputs is also 
key in enhancing competitiveness of farmers (Smith et al., 2004). Finally, MIU may provide 
access directly to advisory on climate related adaptation measures and enables farmers to 
download agri-advisory apps that provide important advice to farmers in managing their farm. 
Table 5 below presents the main estimation results for weather information (column (1)), price 
information (column (2)) and agri-app use (column (3)). Full estimation results are reported in 
OSM Table SM12. 

The results suggest that MIU is associated with higher likelihood of acquired weather 
information, price information and agri-app use. Although the latter is insignificant, it may be 
seen as an indication of the development of ICT tools for agricultural information. While mobile 
information services have so far been dominated by voice recordings and short text messages, 
there is a need and a potential to develop smarter information solutions to smartphone owners 
(Baumüller, 2017). Currently, many smartphone applications focus on increasing productivity and 
keeping track of farm diaries, and are most often used by technical field staff as an extended arm 
of the extension services offered by e.g. buying companies, such as Olam’s OFIS platform. With 
time, more applications are also expected to include information and features focusing on climate 
adaption advisory, just as we have seen in simpler text-based mobile information services. As 
farmers’ experiences of climatic changes and access to adaptation measures vary across regions, 
crop types and social status of farmers, it is particularly important that applications are developed 
and designed in collaboration with the farming communities (World Bank, 2011; Gbangou et al., 
2020) 

Conclusion 

ICT is increasingly being recognized as a key ingredient in agriculture production decisions in 
general and climate change adaptation in particular among smallholder farmers in developing 
countries. In this paper, we looked into the association between farmers’ mobile internet and their 
adaptation decisions and production outcomes using survey data collected from Vietnamese 
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coffee producers. We found that: (i) mobile internet is positively associated with farmers’ climate 
adaptation; (ii) these adaptation practices are mainly driven by changes in water and crop 
management; (iii) these results are manifested through an increase in weather and farm price 
information access; and (iv) climate adaptation is associated with higher coffee yield. These 
results offer interesting and important insights into the potential of ICT in enhancing resilience of 
smallholder farmers against climate change. 

Our results remain robust across the alternative models and climate adaptation proxies as well 
as we control for important socio-demographic variables, proxies of wealth, risk taking and trust 
preferences, and other sources of information and advice on coffee production and climate 
adaptation (e.g., friends, relatives, neighbors and extension agents). While these measures narrow 
the scope of threats to a valid causal inference, care should be taken when interpreting our IV 
results as there may be unobserved household-level and commune-level characteristics that are 
correlated with commune-level MIU. We hope that future research, using more rigorous methods 
such as field experiments, will shed light on the impact and mechanisms through which MIU 
affects farmers’ adaptation and productivity.   

[First submitted June 2021; accepted for publication June 2022.] 
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Table 1. Descriptive Statistics 
 N Mean Std. Dev. Min. Max. 

Adaptation      
Implemented adaptation measure 400 .575 .495 0 1 
Implemented at least one of the 
listed adaptation measures 

400 .542 .499 0 1 

Number of adaptation measures 
implemented 

400 .902 .985 0 4 

      
ICT      

Smartphone 400 .645 .479 0 1 
Feature Phone 400 .575 .495 0 1 
TV 400 .89 .313 0 1 
Radio 400 .048 .213 0 1 
PC 400 .075 .264 0 1 
Tablet 400 .01 .1 0 1 
Mobile Internet Use (MIU) 400 .485 .5 0 1 
Commune-level MIU (CMIU) 399 .484 .132 .211 .68 

      
MIU Purpose      

Weather 400 .313 .464 0 1 
Agri-advisory app 398 .048 .213 0 1 
 Farm input and output prices 400 .407 .492 0 1 
      

Source of information/advice on coffee production and climate adaptation 
Friends, neighbors and relatives 400 .62 .486 0 1 
Extension agent 400 .065 .247 0 1 
Farmer organizations 400 .21 .408 0 1 
Coffee companies 400 .453 .498 0 1 
NGOs 400 .005 .071 0 1 

      
Socio-demographic characteristics      

Income (in USD) 400 223.025 182.947 18 1500 
Land holding 400 1.788 1.444 .2 10 
Household size 400 3.828 1.573 1 10 
Female 398 .083 .276 0 1 
Age 398 49.389 11.444 20 78 
Years of schooling 396 7.417 5.145 0 61 
Risk taking 400 6.242 2.388 1 10 
Trust 400 2.779 .656 1 4.333 
Climate shock 400 .367 .483 0 1 

      
Coffee production      

Yield per ha in 2018 388 3074.651 1325.083 0 8000 
Fertilizer (quantity) 400 748.987 1234.976 0 10000 
Labor (person days) 400 14.838 26.47 0 250 
Spraying cost (in USD) 388 77.4 110.997 0 869.565 

Notes: Risk taking refers to willingness of a person to take risks generally, which is measured on 11 point 
Likert scale from 0 (“risk-averse”) to 10 (“very prepared to take risks”).   
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Table 2. Mobile Internet Use and Adaptation 
 

Implemented Adaptation Measure 

Implemented 
at Least One of 

the Listed 
Adaptation 
Measures 

Number of 
Adaptation 
Measures 

Implemented 
 OLS Probit Matching IV OLS IV OLS IV 
 (1) (2) (3) (4) (5) (6) (7) (8) 
MIU 0.146*** 0.134*** 0.181*** 0.385* 0.119*

* 
0.420* 0.331*** 1.412**

* 
 (0.050) (0.048) (0.049) (0.214

) 
(0.051

) 
(0.216

) 
(0.096) (0.457) 

         
Controls Yes Yes Yes Yes Yes Yes Yes Yes 
         
Constant -0.467* -

2.855*** 
0.485*** -0.393 -

0.473* 
-0.382 -1.313*** -1.039* 

 (0.248) (0.740) (0.034) (0.253
) 

(0.248
) 

(0.257
) 

(0.497) (0.544) 

         
R2 0.112  0.034 0.062 0.111 0.032 0.155 0.156 
Pseudo R2  0.095       
No. of obs. 396 396 396 395 396 395 396 395 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Coefficients under 
Probit model are marginal effects. Control variables include income, household size, gender (1 if female, 0 
if male), age, years of schooling, access to radio (1 if yes, 0 otherwise), access to TV (1 if yes, 0 
otherwise), experience of climate shocks over the past 5 years (1 if yes, 0 otherwise), risk taking, 
generalized trust, and other sources of information and advice (1 if yes, 0 otherwise). 

 

Table 3. Mobile Internet Use and Adaptation, First Stage Results  
 MIU 
CMIU 0.938*** 
 (0.192) 
  
Controls  Yes 
  
Constant -0.502** 
 (0.248) 
  
F(1,383) 23.830*** 
R2 0.155 
Observations 395 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Control variables 
include income, household size, gender (1 if female, 0 if male), age, years of schooling, access to radio (1 
if yes, 0 otherwise), access to TV (1 if yes, 0 otherwise), experience of climate shocks over the past 5 years 
(1 if yes, 0 otherwise), risk taking, generalized trust, and other sources of information and advice (1 if yes, 
0 otherwise).  
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Table 4. Adaptation and Coffee Yield 
 OLS 3SLS 

 Yield/ha Yield/Ha Yield/Ha Yield/Ha Adaptation 

Mobile 
Internet 

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

Adaptation 0.278*** 0.144* 0.277*** 1.041***   
 (0.097) (0.082) (0.093) (0.299)   
MIU     0.451***  
     (0.165)  
CMIU      0.964*** 
      (0.201) 
       
Controls No Yes Yes Yes Yes Yes 
       
Constant 7.716*** 6.605*** 6.748*** 6.449*** -0.636** -0.405 
 (0.092) (0.389) (0.332) (0.574) (0.268) (0.277) 
       
R2 0.027 0.171 0.046 -0.154 0.012 0.165 
Observations 375 112 375 370 370 370 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Control variables for 
models (2) and (3) include labor, fertilizer quantity and spraying cost. Control variables for models (4) and 
(5) include income, household size, gender (1 if female, 0 if male), age, years of schooling, access to radio 
(1 if yes, 0 otherwise), access to TV (1 if yes, 0 otherwise), experience of climate shocks over the past 5 
years (1 if yes, 0 otherwise), risk taking, generalized trust, and other sources of information and advice (1 
if yes, 0 otherwise). 

 
 
 

Table 5: Mobile Internet Use and Information, OLS Model 
 Weather Information Price Information Agri-Advice App 
MIU 0.230*** 0.349*** 0.020 
 (0.048) (0.048) (0.022) 
    
Controls Yes Yes Yes 
    
Constant -0.092 -0.489** 0.006 
 (0.217) (0.218) (0.116) 
    
R2 0.180 0.294 0.055 
Observations 396 396 394 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Control variables 
include income, household size, gender (1 if female, 0 if male), age, years of schooling, access to radio (1 
if yes, 0 otherwise), access to TV (1 if yes, 0 otherwise), experience of climate shocks over the past 5 years 
(1 if yes, 0 otherwise), risk taking, generalized trust, and other sources of information and advice (1 if yes, 
0 otherwise).  
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Appendix  

Table A1. Mobile Internet Use and Adaptation 
 

Implemented Adaptation Measure 

Implemented at 
Least One of the 

Listed 
Adaptation 
Measures 

Number of 
Adaptation 
Measures 

Implemented 
 OLS Probit Matching IV OLS IV OLS IV 
 (1) (2) (3) (4) (5) (6) (7) (8) 

MIU 0.146*** 0.134*** 0.181*** 0.385* 0.119** 0.420* 0.331*** 1.412*** 
 (0.050) (0.048) (0.049) (0.214) (0.051) (0.216) (0.096) (0.457) 
Income  0.035 0.026  -0.004 0.032 -0.016 0.033 -0.131 
 (0.042) (0.042)  (0.050) (0.042) (0.050) (0.082) (0.103) 
Land 
holding 

0.002 0.002  0.006 0.009 0.014 0.044 0.065 
(0.020) (0.020)  (0.020) (0.021) (0.020) (0.046) (0.045) 

Household 
size 

0.010 0.013  0.005 0.007 0.001 0.022 -0.000 
(0.015) (0.015)  (0.016) (0.015) (0.017) (0.030) (0.035) 

Female 0.087 0.071  0.059 0.091 0.055 0.025 -0.099 
 (0.098) (0.093)  (0.102) (0.097) (0.101) (0.176) (0.212) 
Age 0.001 0.002  0.003 0.000 0.002 0.003 0.009* 
 (0.002) (0.002)  (0.003) (0.002) (0.003) (0.004) (0.006) 
Years of 
schooling 

0.017*** 0.028***  0.015*** 0.018*** 0.016*** 0.030*** 0.023** 
(0.005) (0.007)  (0.005) (0.005) (0.005) (0.007) (0.010) 

Radio 0.064 0.087  0.015 0.101 0.041 0.483** 0.262 
 (0.092) (0.110)  (0.097) (0.094) (0.098) (0.227) (0.251) 
TV 0.106 0.079  0.116 0.065 0.077 -0.034 0.016 
 (0.080) (0.079)  (0.078) (0.081) (0.078) (0.187) (0.185) 
Climate 
shock 

-0.011 -0.015  -0.042 -0.002 -0.041 -0.047 -0.192 
(0.051) (0.049)  (0.057) (0.051) (0.059) (0.101) (0.127) 

Risk taking 0.024** 0.022**  0.022** 0.025** 0.023** 0.057*** 0.046** 
 (0.010) (0.010)  (0.010) (0.010) (0.011) (0.019) (0.023) 
Trust 0.102*** 0.101***  0.105*** 0.104*** 0.109*** 0.286*** 0.315*** 
 (0.036) (0.035)  (0.037) (0.037) (0.037) (0.076) (0.083) 
Other 
information 
and advice 
sources 

0.034 0.023  -0.004 0.090 0.042 0.243 0.078 
(0.104) (0.098)  (0.110) (0.097) (0.102) (0.166) (0.198) 

         
Constant -0.467* -2.855*** 0.485*** -0.393 -0.473* -0.382 -1.313*** -1.039* 
 (0.248) (0.740) (0.034) (0.253) (0.248) (0.257) (0.497) (0.544) 
         
R2 0.112  0.034 0.062 0.111 0.032 0.155 0.156 
Pseudo R2  0.095       
No. of obs. 396 396 396 395 396 395 396 395 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Coefficients under 
Probit model are marginal effects.   
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Table A2. Mobile Internet Use and Adaptation, First Stage Results  
 MIU 
CMIU 0.938*** 
 (0.192) 
Income  0.148*** 
 (0.039) 
Land holding -0.008 
 (0.019) 
Household size 0.009 
 (0.015) 
Female 0.033 
 (0.090) 
Age -0.006*** 
 (0.002) 
Years of schooling 0.003 
 (0.007) 
Radio 0.201* 
 (0.104) 
TV -0.124* 
 (0.071) 
Climate shock 0.113** 
 (0.050) 
Risk taking 0.001 
 (0.010) 
Trust -0.009 
 (0.037) 
Other information and advice sources 0.096 
 (0.085) 
Constant -0.502** 
 (0.248) 
  
F(1,383) 23.830*** 
R2 0.155 
Observations 395 

Notes: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 


