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Abstract
This study uses a marginal treatment effects approach and farm household rice survey data from Northern
Ghana to examine the heterogeneous effects of agricultural technologies on household welfare. Results
indicate significant heterogeneity in the gains from the adoption of improved rice technologies among
farmers. We found significant evidence of a pattern of positive selection on unobserved gains from the
adoption of agricultural technologies on rice yield and household dietary diversity scores (HDDS).
Moreover, the policy-relevant treatment effects suggest that reducing the distance to sources of agricultural
technologies increases rice yield and HDDS through technology adoption.

Keywords: Household dietary diversity scores; marginal treatment effects; policy-relevant treatment effects; rice yield

JEL classifications B23; Q1; Q16; Q18

1. Introduction
According to Wiggins and Keats (2013), more than half of the rural economically active popula-
tion in sub-Saharan Africa (SSA) comprises smallholder farmers who own 80% of the farms and
contributes about 90% of the total food production. Smallholder agricultural producers mostly
make their living from agricultural income and consume from their production that is done annu-
ally on seasonal basis (Maggio and Asfaw, 2020). Agricultural innovations have the potential to
make farming productive and profitable among poor rural smallholder farmers across the world
especially in SSA. This can also improve household food security for both producers and consum-
ers (Magnan et al., 2015).

A positive technical change through increased adoption of agricultural innovations constitutes
a positive step toward agricultural productivity improvement, enhanced food security, rural devel-
opment, and poverty reduction (Gebremariam and Tesfaye, 2018; Sheahan and Barrett, 2017). As
highlighted by Dzanku et al. (2015), technical change in agricultural production is one of the most
realistic possibilities to close yield gaps, especially in low production regions where high pressure
on land, low soil fertility, and low productivity are common. Furthermore, Dzanku et al. (2015)
reiterate that increasing agricultural productivity is key to improving food security and economic
growth for SSA in the midst of its challenge to meet the rising food demand from increasing pop-
ulation and deteriorating natural resources.

While there are potential benefits associated with encouraging smallholder farmers to invest
and adopt new agricultural technologies and innovations, increased rates of slow adoption, non-
adoption, and dis-adoption of such technologies and innovations remain in SSA (Khonje et al.,
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2015; Magnan et al., 2015). According to West (2019), new technologies and farming practices
have the potential to deliver real-time benefits, but variable rates of adoption undermine the likely
benefits from adoption of such technologies on both individual farmers and the entire agricultural
sector. It therefore follows that the debate of adoption of agricultural technology continues to be of
interest among development practitioners. Adoption of agricultural technology and innovation is
influenced by risk and uncertainty (Holden and Quiggin, 2017; Shimamoto et al., 2017); credit
constraints (Abdallah, 2016; Carrer et al., 2020); access to information about the availability, social
learning, profitability, and use of the new technology (Huffman, 2020; Liverpool-Tasie et al., 2017;
Liverpool-Tasie and Winter-Nelson, 2012; Lu et al., 2021a; Nonvide, 2021); and heterogeneous
benefits (Adam and Abdulai 2022; Maggio and Asfaw, 2020; Magnan et al., 2015; Suri, 2011).
Liverpool-Tasie (2017) asserts that these factors, mostly considered individually, are closely linked
and do jointly affect the benefits and consequences of agricultural technology in SSA.

Numerous authors (e.g., Ariga et al., 2019; Barrett et al., 2021; Binswanger-Mkhize and
Savastano, 2017; Burke et al., 2017, 2019; Channa et al., 2019; Danso-Abbeam and Baiyegunhi,
2018; Jindo et al., 2020; Jones-Garcia and Krishna, 2021; Kumar et al., 2020; Liverpool-Tasie
et al., 2017; Liverpool-Tasie, 2017; Ng’ombe, Kalinda, and Tembo 2017; Manda et al., 2020;
Wainaina et al., 2016, 2018) have examined the determinants and impacts of agricultural technology
adoption over the years. De Janvry and Sadoulet (2002) demonstrated that the impact of agricultural
technologies can be grouped into two—those with direct and indirect effects. They argue that the
direct effects are those realized through adoption specifically through increased welfare of poor
farmers who adopt technological innovations. Potential benefits for them can be derived from
increased productivity. The indirect effects are those realized by others who adopt technologies.
More specifically, indirect effects include lower food prices, employment creation, and growth link-
ages. These are realized by both poor and non-poor farmers through real income.

SSA and particularly Ghana have been unable to benefit from agricultural technology advance-
ments during the Green Revolution as compared to countries such as China and India (Pingali,
2014). This is claimed to be one of the many factors that limit SSA countries from reaching their
potential agricultural productivity and income (Maggio and Asfaw, 2020). In recent years, several
cutting-edge agricultural technologies touted to improve yields have been developed and dissem-
inated across the developing world especially among crops like maize, rice, and cassava among
others. For example, improved rice varieties and chemical fertilizers have been shown to increase
yields and farm profits substantially (Bello et al., 2020; Mabe et al., 2019; McArthur and McCord,
2017; Yorobe et al., 2016). As mentioned before, despite the potential benefits of these technolo-
gies with regard to productivity and returns, their adoption among farmers in SSA remains limited
and variable.

Some of the previous literature has questioned whether the reluctance in the adoption of these
innovations can be linked to the heterogeneity and uncertainty on their returns (Magnan et al.,
2015; Suri, 2011). For example, Liverpool-Tasie (2017) observed that rice yield response to applied
nitrogen was low in the main rice growing farming systems in Nigeria. She also observed that
farmer behavior is inconsistent with expected profitability which is limited by low yield response
to chemical fertilizer application, high transportation costs, and low selling prices for rice in rural
areas. Similarly, Mabe et al. (2018) observed heterogeneity in rice yields among agro-ecological
zones in Ghana. In a related study, Yorobe et al. (2016) found that green super rice varieties have
a positive and significant effects on yield and that these benefits are strongly felt when there is
flooding. However, the authors were wary of the potential sensitivity of their estimates when
matched samples were used.

Marenya and Barrett (2009) found a von Liebig-type nexus between soil organic matter and
maize yield response to nitrogen application. In other words, crop yield is proportional to the
availability of the scarcest or most limiting nutrient to plant, so increasing the availability of
non-limiting nutrients has no effect on yield (von Liebig, 1840). Their study established that
low soil organic matter predominantly limits yield response to mineral fertilizer application.
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Although they found that fertilizer is, on average, profitable, one third of the plots had degraded
soils, which reduced fertilizer’s marginal productivity to a point where it was unprofitable at exist-
ing prices. As a result, unlike most previous studies that have focused on average effect of agri-
cultural technologies(e.g., Abdulai, 2016; Awotide et al., 2016; Khonje et al., 2015; Manda et al.,
2019), this study fills a gap in the literature by determining the heterogeneous effects of adoption
of agricultural technologies on the welfare of rice producing smallholder households in
Northern Ghana.

The study contributes to the literature in the following ways. First, we contribute to the ongoing
debate about the heterogeneity and uncertainty of the returns to agricultural technology adoption
decisions. Suri (2011)’s argument that improved agricultural technologies is unanimously adopted
by farmers in developing countries, and that even where they have been adopted, adoption rates
have been remarkably low, highlighting the need for more research. This study contributes to the
analysis of comparative advantage, that is, the relative productivity of a farmer adopting improved
over unimproved agricultural technology in agricultural technology adoption decisions (Suri,
2011), its development policy relevance, and distribution on smallholder household welfare
variables.

Second, most studies on the impact of agricultural technologies assume homogenous treatment
effects using methods such as propensity score matching (PSM), Heckman’s treatment effect
model, or endogenous switching regression (ESR) approaches (e.g., Abdulai, 2016; Khonje
et al., 2015; Ng’ombe, Kalinda, and Tembo 2017; Manda et al., 2019). Among the shortcomings
of PSM are that it only accounts for observables (e.g., Abdulai and Huffman, 2015; Di Falco et al.,
2011). The Heckman treatment effect model is estimated in two steps, resulting in heteroskedastic
residuals that cannot be used to obtain consistent standard errors without adjustments (Lokshin
and Sajaia, 2004). While the ESR accounts for selection bias by aggregating the unobservable het-
erogeneity, this heterogeneity varies across individuals. Heckman et al. (2018) contend that the
benefits of technology adoption vary by agent (e.g., farmers). Failure to account for this hetero-
geneity may result in incorrect treatment effects estimation of adoption. While each of these meth-
ods has its own appeal and distinction, they may not be appropriate in some settings where
modeling heterogeneous causal effects is the goal. This study employs the marginal treatment
effects (MTEs) approach to account for treatment effect heterogeneity in both observed and unob-
served characteristics (Cornelissen et al., 2018). This is achieved through the use of the generalized
Roy model along the realm of Heckman and Vytlacil (2005)’s MTEs estimation procedure. The
generalized Roy model is an extension of the Roy’s (1951) model which includes a non-pecuniary
component in the decision equation and allows for uncertainty on the potential outcomes.

In particular, the MTE approach estimates a continuum of treatment effects along the whole
distribution of farmer’s unobserved resistance to adoption (Frölich and Sperlich, 2019).
Furthermore, while the MTE approach permits for estimation of common estimands (i.e., average
treatment effect (ATE), average treatment effect on the treated (ATT), average treatment effect on
the untreated (ATU), and local average treatment effect (LATE)), it also provides estimation of
policy-relevant treatment effects (PRTEs) (Cornelissen et al., 2016). As a result, the method ena-
bles researchers to extrapolate causal effects beyond complier subpopulations for more credible
policy relevance. Notable studies that have used the MTE framework in agricultural and applied
economics in a context similar to ours include Adam and Abdulai (2022), Bedi et al. (2022),
Shahzad and Abdulai (2021), Dubbert et al. (2023), Sarr et al. (2021), and Franco et al. (2021).

Adam and Abdulai (2022) used the MTE framework to examine the heterogeneous causal
effects of conservation agricultural practices on farm performance and inorganic fertilizer use
in Ghana. Meanwhile, Bedi et al. (2022) used the MTE model to determine the average and het-
erogeneous impacts of adoption of sustainable intensification practices on maize yield and net
returns in Northern Ghana, while Dubbert et al. (2023) investigated the impact of cashew farmers’
participation in contract farming on sustainable farm practices in Ghana. Additionally, Sarr et al.
(2021) used the MTE model to determine the impacts of a rain-fed variant of the system of rice
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intensification on expected yields, yield variability, and yield’s exposure to downside risk in
Tanzania. Using a MTEs model and agriculture microdata from Colombia, Franco et al.
(2021) examine the heterogeneous effects technical assistance services on agricultural production
where they found significant heterogeneity in the impacts of technical assistance on agricultural
production. Given these prior studies, our study is one of the earliest to provide empirical results
on the heterogeneous impacts of a distinct set of agricultural technologies on rice yield and house-
hold dietary diversity scores (HDDS).

The rest of the paper is organized as follows. The next section presents the estimation frame-
work, while Section 3 presents the data and descriptive statistics. Section 4 presents the results and
discussion. The last section provides the conclusions and policy implications.

2. Estimation Framework
Following the approach of Cornelissen et al. (2018), this study employs the MTE framework. The
MTE framework employs the generalized Roy model, which is based on a potential outcomes
model and a latent variable discrete choice model for selection into treatment, as described by
Heckman and Vytlacil (2007). Given the potential net gains from adoption, we assume that
the household head’s decision to adopt agricultural technology will impact on household welfare.
Thus, if the net potential benefits, which are latent, are greater than the benefits of non-adoption, a
household head will adopt these technologies. In other words, the adoption decision is expected to
impact on household welfare outcomes.

We assume that adoption is binary, indicated by Ti, with Y1i and Y0i representing the potential
outcome for the ith farmer in the adoption of an agricultural technology (Ti= 1) and non-
adoption (Ti= 0) states, respectively. We model the potential outcomes as

K P� �Y1i � µ1 Xi� � � ε1i; (1)

Y0i � µ0 Xi� � � ε0i; (2)

where μ(Xi) is the conditional mean of Yi given Xi (which is a vector of observed exogenous char-
acteristics) and ϵ1i and ϵ0i are the error terms. Equations (1) and (2) denote the treatment effect of
the ith farmer, which is the difference between the potential outcomes in the adoption and non-
adoption states, which is given as

Y1i � Y0i � µ1 Xi� � � µ0 Xi� � � ε1i � ε0i; (3)

which indicates the benefits from adoption are allowed to vary across farmers with different
observed (X) and unobserved (ϵ1,ϵ0) characteristics, an essential part of our study that emphasizes
heterogeneity in the impact of agricultural technology adoption.

We model the adoption of agricultural technology decision under the assumption that farmers
are risk neutral and consider the net benefit (Ti*) derived from adoption and non-adoption of
agricultural technologies. Thus, the ith farmer will adopt (Ti= 1) if Ti*> 0. Since Ti* is the latent
propensity to adopt and cannot be observed, we specify it as a function of observed variables (Z)
and an unobserved (V):

T�
i � µT�Zi� � Vi;Ti � 1 if T�

i ≥ 0; and Ti � 0 otherwise (4)

where Z includes the same covariates Xi as in the outcome equations (1)–(2) as well as an instru-
ment used for model identification, that is, Z includes a variable that enters selection equation (4)
but is excluded from outcome equations (1)–(2).

Following Kubitza and Krishna (2020)’s recommendation for an instrumental variable (IV) for
adoption and impact studies like ours, the IV employed in this study is the distance to the nearest
market for technology adoption. Distance to the nearest input market is associated with trans-
actions costs, and it takes longer for farmers in rural areas to reach such markets. The distance
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to input markets may represent how remote farmers are (Ng’ombe et al., 2017), and in most cases,
farmers would likely spend their limited resources on transportation to reach the markets in order
to access the technology. Therefore, the distance to the nearest input market is expected to influ-
ence agricultural technology adoption in this paper.

While the validity of this IV may hold in most cases in the short term, we agree with Kubitza
and Krishna (2020) that distance to the nearest market may not hold in the long run, especially
when farmers migrate and relocate their farms or plots near input markets. As a result, we for-
mally verify the validity of our instrument through a simple falsification test, in which an IV is
considered valid if it significantly affects adoption of technology but has no effect on the outcome
variable for non-adopters of the technology (Di Falco et al., 2011; Asfaw et al., 2011; Di Falco and
Veronesi, 2013). The falsification test is plausible and has widely been used in several empirical
impact papers in agricultural and applied economics (e.g., Asfaw et al., 2012; Di Falco et al., 2011;
Di Falco and Veronesi, 2013; Abdulai, 2016; Lu et al., 2021a; Michler and Josephson, 2017; Mojo
et al., 2017; Ng’ombe et al., 2017; Noltze et al., 2012; Shahzad and Abdulai, 2021, and Bedi et al.,
2022, among others).

In principle, the falsification test involves estimation of a probit model of adoption of agricul-
tural technology on the instrument and then conducting a Wald test to check the statistical sig-
nificance of the instrument. If the Wald test yields statistically significant results for the IV in the
probit model, an ordinary least squares (OLS) regression of the respective outcome variable on the
potential IV is performed, but only on the non-adopters’ sample. To determine whether the IV has
no effect on the outcome variable, an F-test assessing the significance of the IV coefficient in the
OLS regression needs to be conducted. The following sections discuss statistical tests that confirm
the validity of our IV.

The error term Vi enters the selection equation (4) with a negative sign and represents unob-
served characteristics that make farmers less likely to adopt agricultural technology. This Vi is
often described in the literature as unobserved “resistance” or “distaste” to treatment
(Cornelissen et al., 2018), indicating that farmers with high values of V (low propensity scores)
are less likely to adopt agricultural technologies than those with low values of V (high propensity
scores).

In the MTE literature, it is common to capture the treatment effect against the quantiles of V
rather than absolute values, using the following transformation of the selection rule in equation (3)
(Cornelissen et al., 2018):

µD Zi� � � Vi � 0 , µD Zi� � � Vi , F µD Zi� �� � � F Vi� �; (5)

where F() denotes the cumulative distribution function of V. The term F(μD(Zi)), also represented
by P(Zi), is the propensity score (a farmer’s probability of adopting an agricultural technology)
and F(Vi), represented by F(Vi)≡UDi, is the quantiles of the distribution of V.

To identify the parameters of the models, we assume that the identifying instrument, Z̃, is sta-
tistically independent of the unobserved components of the outcome and selection equations
(ϵ0,ϵ1,V) given the observable characteristics (i.e., �ε0; ε1;V�;?Z̃jX). This assumption further
requires that, conditional on X, Z̃ can only affect the outcome variables through its influence
on adoption (referred to as exclusion restriction).

In line with Cornelissen et al. (2018), we also assume that the MTE is additively separable into
observed and unobserved components:

MTE�x; uD� � E�Y1i � Y0ijXi � x;UDi � uD�
� x�δ1 � δ0�|����{z����}

Observed component

� E�ε1i � ε0ijXi � x;UDi � uD�|������������������������{z������������������������}
Unobserved component

; (6)

where (δ1−δ0) represent the difference in the treatment effect between the adoption and the non-
adoption rates. This assumption enables the MTE to be identified over the unconditional support
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of the propensity score, which is generated by both the instrument and the observed covariates, Xi,
instead of the support of the propensity score conditional on Xi = x (Brinch et al., 2017).
Basically, the propensity score in our case is the probability of adopting agricultural technology
given the observed characteristics Xi.

We employ the method of local IVs to estimate the MTEs (Cornelissen et al., 2018). The out-
comes in equations (1)–(2) yield the following outcome equation, conditioned on the observed
covariates, X, and propensity score, P(Z):

E YjX; P� � � Xlδo � Xl δ1 � δ0� �P� K P� �; (7)

where K(P) is a nonlinear function of the propensity score (P). Thus, the MTE equals the deriva-
tive of equation (7) with respect to the propensity scores (Carneiro et al., 2017):

MTE Xi � x;UDi � P� � � @E YjX; P� �
@P

� X δ1 � δ0� � � @K P� �
@P

(8)

Our estimation procedure has two stages. We first obtain propensity score estimates from a first-
stage probit estimation from selection equation (4) and then proceed to model K(P) as a polyno-
mial in P of degree k. Thus, we estimate the impact of adoption of agricultural technology in the
second stage (Cornelissen et al., 2018):

Yi � Xiδ0 � Xi δ1 � δ0� �P�
XK

k�1

αkPk � εi (9)

The derivative of equation (9) with respect to P delivers the MTE curve. We estimate the model
using a second-order polynomial (k= 2) in the propensity scores.

To ascertain the sensitivity of the MTE to the functional form assumed, we also estimated MTE
curves as robustness check. As indicated by Heckman and Vytlacil (2005), the MTE can be aggre-
gated over in different ways to obtain the ATEs, ATTs, ATUs, and LATEs. It also delivers esti-
mation of PRTEs (Cornelissen et al., 2018). Following Huntington-Klein (2021), the ATE is the
average impact of agricultural technology on the outcome of interest on all farmers in the sample
while the ATT (ATU) is the average impact of those that adopted (did not adopt) the technology.
LATE, on the other hand, is defined by the IVs used (because compliers are defined in relation to
the instrument) and therefore does not necessarily represent a treatment parameter for an eco-
nomically interesting group of the population (Angrist et al., 1996; Heckman et al., 1997;
Heckman and Urzúa, 2010). All these estimands are useful to comprehensively summarize the
impacts of agricultural technology and help to answer economic policy questions.

Considering the interest in evaluating the impact of policy intervention of reducing the distance
to a maximum of 3 km to the technology source on the returns to adoption, the PRTEs are used in
this paper to estimate the aggregate effects of such policy changes (Heckman and Vytlacil, 2005).
The idea is to reduce the transaction cost of acquiring agricultural inputs. Transaction costs have
been hypothesized to impact the adoption of technologies among farmers (Adam and Abdulai,
2022). The 3 km distance is the average distance to the major Ministry of Agriculture input shop
in the districts. This is expected to have implications on the adoption of agricultural technologies
by farmers. It is observed that 72% (652) of the sampled farmers had their household being more
than 3 km from the nearest market. The PRTE is the average effect of switching from a baseline
policy to an alternative policy per net farmer shifted. Thus, we simulate the baseline and alterna-
tive policies under the assumption that the distance to an input market is reduced by up to 3 km,
resulting in a weighted difference between the ATT under the alternative policy and the ATT
under the baseline policy. The PRTE conditional on Xi = x is defined as
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PRTE X� � � E YijXi � x; < > alternative policy < = >
� � � E YijXi � x; < > baseline policy < = >

� �

E TijXi � x; < > alternative policy < = >
� � � E TijXi � x; < > baseline policy < = >

� � (10)

3. Data and Descriptive Statistics
The study utilizes data from a farm household survey undertaken in Northern Ghana from
October to December 2018. The sampled farm households were from the Northern, Upper
East, and Upper West Regions of Ghana. The sample used in this study comprised 900 farm
households with 300 from each region. During data collection, a multistage sampling technique
was employed in choosing the farm households. The first stage was a purposive selection of the
Northern Zone of Ghana. The Northern Ghana was purposively selected because the zone con-
stitutes the biggest rice producing area and has high poverty rates in Ghana (GSS, 2020), attributed
to the higher rate of subsistence farming. The zone comprises the former Northern, Upper East,
and Upper West regions of Ghana. The second stage involved the selection of a district from each
region based on their high level of rice production. The selected districts were Savelugu (Northern
Region), Nadowli-Kaleo (Upper West), and Kassena Nankana East (Upper East). The third stage
was a random selection of villages or communities from the operational areas of the Ministry of
Food and Agriculture. The final stage involved random selection of rice farm households from the
different communities according to their size or the number of rice farm households in the various
communities. The data collected included various rice production variables and characteristics of
farm households in the study area using a structured questionnaire. The variables captured with
regard to this study are described in Table 1.

Following Mishra et al. (2020), Suri (2011) and as a principle, agricultural technology adoption
could be measured as a continuous variable in terms of quantities of inputs used; however, due to
unreliable data on their quantities, technology adoption is considered binary in this study, as is the
norm in the adoption literature. Rice production technologies adopted include improved rice
seeds, chemical fertilizer, and herbicides1 (Asuming-Brempong et al., 2011; Ragasa et al.,
2013). Agricultural technology adoption is defined in this study as adoption of at least one of these
technologies (improved rice seeds, chemical fertilizer, and herbicides). From our sample, the cor-
relations between the adoption rates of the technologies are improved rice seed and chemical fer-
tilizer (r= 0.1734; p<0.000); improved rice seed and herbicide (r= 0.0305; p<0.3609); and
chemical fertilizer and herbicides (r= 0.1390; p<0.0000).

The outcome variables are rice yield and household dietary score. The HDDS is a measure of
household food security. The HDDS is constructed based on the number of food groups con-
sumed by the household during a given period. Food items were categorized into 12 different
groups, as proposed by the FAO of United Nations (FAO, 2011). The 12 food groups are cereals,
tubers, and roots; legumes; vegetables; meat; eggs; fish and other sea-food; fruits; milk and milk
products; oil and fats; sweets; and spices and condiments and beverages. Each food group adds one
score toward the HDDS if a food item from that group was consumed by any member of the
household in a given 7-day period. Thus, the HDDS ranges from 0 to 12. The use of dietary diver-
sity score is considered superior to calorie intake totals, among others, as it reflects the food avail-
ability and accessibility aspects of food security (Ruel, 2003; WFP, 2009). Thus, a diversified diet is
associated with the financial ability of the household to access a variety of foods by obtaining many

1The argument one will put across is that these rice production technologies have been in existence for decades (i.e.,
described as conventional or traditional), but their adoption has been very low in Ghana and Northern Ghana in particular.
For example, Asuming-Brempong et al. (2011) indicated that adoption of NERICA varieties is generally low in Ghana, with an
average rate of about 6% and an estimated potential adoption rate of 90%. In a related study, Ragasa et al. (2013) observed in
Ghana low levels of adoption of 48% for improved modern rice variety from certified sources for Northern Savannah zone as
compared to the national rate of 58% (which is lower than the average for SSA).
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different food groups consumed during the period. Increased dietary diversity is linked with socio-
economic status and household food security (Huluka and Wondimagegnhu, 2019).

Table 1 also includes a description, summary statistics, and mean differences between agricul-
tural technology adopters and non-adopters. Adopters have higher rice yield and HDDS than
non-adopters, and the differences are statistically significant. In terms of the gender, it is observed
that the majority of farmers are males, reflecting the dominance of males in African society in all
spheres of life. Adopters are on average younger than non-adopters, and the difference is statisti-
cally significant. This may reflect the conservative nature of old farmers when it comes to adopting
agricultural innovations. Even though the difference is not statistically significant, adopters and
non-adopters have the same household size, years of schooling, and credit access. Adopters had

Table 1. Variable definitions, descriptive statistics, and mean difference between adopters and non-adopters

Variable Description Pooled
Adopter
(n = 526)

Non-adopters
(n = 374) Mean diff.

Rice yield Rice yield in kg/ha 1434.78 (1160.96) 1941.41 (1158.30) 722.26 (699.39) −1219.15***

HDDS Household dietary diversity
score

6.29 (1.46) 6.54 (1.33) 5.95 (1.56) −0.58***

Gender 1 if household head is a
male, 0 otherwise

0.68 (0.46) 0.65 (0.48) 0.72 (0.45) 0.07**

Age Age of household head 42.45 (9.82) 40.96 (9.70) 44.55 (9.61) 3.59***

Household
size

Number of household
members

6.12 (2.02) 6.14 (2.07) 6.10 (1.95) −0.03

Years of
schooling

Years of formal education of
household head

3.02 (4.50) 2.93 (4.32) 3.14 (4.74) 0.21

Extension
access

1 if household head had
access to extension,
0 otherwise

0.39 (0.49) 0.54 (0.50) 0.17 (0.37) −0.37***

Credit access 1 if household head had
access to credit,
0 otherwise

0.33 (0.47) 0.33 (0.47) 0.33 (0.47) −0.01

Farm size Total rice farm size in
hectares

0.64 (0.54) 0.81 (0.59) 0.41 (0.37) −0.39***

Off-farm
income

Nonfarm business income
(GHS)2

178.16 (271.11) 191.85 (302.65) 158.92 (218.18) −32.93*

Total livestock
units

Total livestock owned
(number)

50.00 (44.44) 43.05 (44.53) 47.74 (44.24) 4.68

Land owner-
ship

1 if household head is the
landowner, 0 otherwise

0.54 (0.50) 0.47 (0.50) 0.63 (0.48) 0.16***

Northern
region

1 if Northern region,
0 otherwise

0.33 (0.47) 0.50 (0.50) 0.10 (0.30) −0.39***

Upper East
region

1 of Upper East region,
0 otherwise

0.33 (0.47) 0.29 (0.46) 0.39 (0.49) 0.10**

Upper West
region

1 of Upper West region,
0 otherwise

0.33 (0.47) 0.21 (0.41) 0.51 (0.50) 0.30***

Market dis-
tance

Distance from farm to mar-
ket in km

4.07 (2.05) 4.69 (2.00) 3.20 (1.79) −1.49***

Notes: ***, **, and * indicate statistical significance at 1%, 5%, and 10% level, respectively.

2US dollars (USD) to Ghanaian Cedis (GHS) exchange rate for 31 December 2018: 1USD: GHS 4.9.
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greater access to extension than non-adopters, which is bound to influence their adoption deci-
sions. Adopters of agricultural technologies have larger farms than non-adopters, and the differ-
ence is significant. Adopters also earn significantly higher off-farm income than non-adopters.
This may give adopters some advantage in the procurement of agricultural technologies especially
those that are capital intensive.

Moreover, the non-adopters of agricultural technologies appear to own more livestock than
adopters, even though the difference in livestock ownership is not significantly different from zero.
Livestock is a valuable asset in the acquisition of agricultural innovations. Kiwanuka-Lubinda,
Ng’ombe, and Machethe (2021), and Lubungu et al. (2012) observe that smallholder farmers rear
livestock for a variety of reasons, including cash, manure, meat, milk, draught power, and tradi-
tional ceremonies. Farmers may be able to purchase improved rice seeds, chemical fertilizer, and/
or herbicides with money earned from the sale of livestock products. Table 1 shows that adopters
of agricultural technology in the current study seemed had fewer livestock than their counterparts.
When compared to non-adopters, most adopters of agricultural technologies do not own land.
There exist significant regional disparities between adopters and non-adopters. On average,
adopters travel longer kilometers to access a nearby market than non-adopters.

4. Results and Discussion
4.1. Factors Influencing Agricultural Technology Adoption

Table 2 reports the marginal effects of the factors influencing agricultural technology adoption. As
previously indicated, market distance is used as an identifying instrument for the estimations. The
Wald test is used to determine the joint significance of the excluded instrument in the outcome
equation. The value of the Wald statistic (282.85) is statistically significant at 5% significance level
indicating that the IV highly influences adoption decisions. To test the validity of the selection

Table 2. Factors influencing agricultural technology adoption

Variable dy/dx SE

Gender −0.040 0.029

Log of age −0.059 0.060

Log of years of schooling 0.001 0.014

Log of household size 0.017 0.043

Log of farm size 0.371*** 0.059

Extension access 0.130*** 0.029

Credit access 0.007 0.028

Log of off-farm income 0.008* 0.005

Log of total livestock unit 0.007 0.016

Land ownership −0.090** 0.026

Northern region 0.259*** 0.039

Upper East region 0.024 0.032

Log of market distance 0.203*** 0.033

Chi-square (χ2) statistic of instrument 282.85

P-value for test of excluded instrument 0.000

Number of observations 900

Note: dy/dx and Std. Err designate marginal effect and robust standard errors, respectively; ***, **, and * indicate statistical significance at
1%, 5%, and 10% level.
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instrument, an F-test was conducted after an OLS regression of the outcome variables on the
instrument among non-adopters of agricultural technology. As explained in Section 2, such a fal-
sification test requires that the instrument should not significantly affect the outcome variables
among non-adopters (Di Falco et al., 2011), and our results showed that the instrument does not
influence the outcome variables among non-adopters (p-value< 0.05), indicating the instru-
ment’s validity. As a result, the instrument was removed from the outcome equations during
the estimation of both the selection and outcome equations. For consistency, the same covariates
are used to analyze all the dependent variables (rice yield and HDDS), and therefore the probit
regression results from the first-stage estimation are similar for all the specifications. In the inter-
est of brevity, we have combined their interpretations. For rice yield and HDDS, the first-stage
probit model generates a large common support for the propensity score, which ranges from 0.1 to
at least 0.96 (Figure 1). This satisfies the MTE estimation requirement that instruments generate
enough common support. In addition, Rubin’s diagnostic statistics “R” and “B” to assess PSM
performance was used. A PSM estimator is deemed appropriate when the B-statistic is less than
25% and the R statistic is between 0.5 and 2 (Rosenbaum and Rubin, 1984). After matching, our
results showed a B-statistic of 6.4 and R statistic of 1.19 which confirmed that the nearest neighbor
estimator was appropriate. Both the selection equation and the second-stage outcome models
were estimated simultaneously. The estimation was implemented in Stata (StataCorp, 2021) using
the mtefe module by Andresen (2018).

The key drivers that significantly influence the adoption of agricultural technology are farm
size, extension access, off-farm income, land ownership, regional dummy of Northern region,
and market distance. Farm size positively and significantly influenced the adoption of agricultural
technologies. This implies that a hectare increases in the farm size is associated with a 37.1 per-
centage point increase in the adoption of agricultural technologies such as chemical fertilizer,
improved rice seed, and herbicides. One plausible reason is that farmlands are sometimes used
as measures of wealth, and households with larger farm sizes are more likely adopt agricultural
technologies. This is consistent with the findings of Anang and Amikuzuno (2015). Adoption of
agricultural technologies is positively and significantly associated with extension access. This is in

Figure 1. Common support (frequency distribution of the propensity score by adoption status).
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line with the findings of Wossen et al. (2017), who asserted that extension access has a positive and
significant impact on technology adoption and household welfare in rural Nigeria.

The coefficient of off-farm income is positive and significant, suggesting that an increase in a
farmer’s off-farm income is associated with an increase in agricultural technology adoption. This
is consistent with the findings of Diiro and Sam (2015) in Uganda, which found that nonfarm
income has a positive and significant relationship with the adoption of improved maize seed.
The likelihood of adopting agricultural technologies is negatively associated with land ownership.
This implies that tenants of farmlands are more likely to adopt technologies, which is consistent
with the findings of Mansaray et al. (2019). Mansaray et al. (2019) observed that farmers in Sierra
Leone using rented land adopted Rokupr (commonly known as ROK) rice varieties quicker than
those cultivating their own land. Furthermore, the study found that sharecropping farmers
adopted New Rice for Africa (NERICA) varieties at a faster rate than landowners. Using
Upper West region as the reference point, farmers in the Northern region of Ghana are 25.6%
more likely to adopt agricultural technologies. This supports the findings of Lu et al. (2021b),
who observed that farmers in the Northern region of Ghana were more likely to adopt improved
rice varieties.

The distance to the nearest market source of agricultural technology is a strong predictor of
adoption, and as expected, the marginal effect of market distance indicates a strong relationship
between the availability of agricultural technologies and the decision to adopt. More specifically, it
suggests that an increase in the distance that a farmer travel is associated with a marginal increase
in the adoption of agricultural technologies. This result is counterintuitive because an increase in
market distance is expected to increase transaction costs, thereby negatively impacting agricultural
technology adoption. The chi-squared test statistic of the excluded instruments at the tail end,
which is based on the market distance variable, is presented in Table 2. The null hypothesis that
the IV is not relevant is rejected at 1% significance level due to its higher value and
p-value< 0.000.

4.2. Heterogeneity in Treatment Effects in Observed Characteristics (Rice Yield)

Table 3 shows the estimates of the untreated (non-adoption(γ0)) state in column (2) and treat-
ment (adoption(γ1−γ0)) state in column (3) on the effect of adoption on the impacts of the inde-
pendent variables on rice yield. Table 3 shows a positive and significant relationship between the
age of the household head and non-adoption of agricultural technologies, indicating that an
increase in the age of household head is associated with a decrease in rice yield. This could be
because older farmers tend to be more conservative in their farming practices, making them less
efficient in their operations and, as a result, leading to lower rice yield. On the other hand, non-
treatment results in a higher rice yield (0.397 points). This appears to be counterintuitive, and it
raises the possibility that other factors are at work.

In the treatment state, older farmers have lower rice yields than younger farmers, highlighting
the view that less farming experience may not help in boosting crop productivity. The negative
and significant coefficient of household size in the untreated state in Table 3 shows that larger
household sizes tend to have lower rice yield, which could be the case when there are few persons
in a household available for farm work but more children would not provide any farm labor.
However, the coefficient of farm size in Table 3 is positive and significant in the untreated state,
indicating that farmers with more hectares of farm will have higher rice yield, but the result is
positive but not significantly different from zero in the adoption state.

The statistically significant and negative effect of extension access in both tables indicates that
access is associated with lower rice yield in the non-adoption state, whereas the coefficient is posi-
tive and statistically significant in the treatment state. This highlights the importance of extension
in assisting farmers to adopt agricultural innovations that can increase yield. In the untreated
state, farmers who have off-farm income had lower rice yield. On the other hand, in the adoption
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state, farmers with higher off-farm income tend to have produce higher rice yield. This is because
the income can be used to purchase inputs such as chemical fertilizers, improved rice seeds, and
herbicides. Farmers in the Upper East region, in both the non-adoption and adoption states, pro-
duced significantly more rice than those in the Upper West region of Ghana. Moreover, in the
treatment state, farmers in the Northern region tend to realize more rice yield than those from the
Upper West region, implying that adoption of agricultural technologies may have regional-
specific heterogeneities on rice yields.

4.3. Heterogeneity in Treatment Effects in Observed Characteristics (HDDS)

Table 4 displays the second-stage estimations for HDDS at the untreated state in column (2) and
the gains from treatment in column (3). The positive and significant coefficients of gender at the
non-adoption state suggest that being a male farmer is more likely to increase HDDS by 0.069%
than being female, but adopting these technologies is associated with a 0.089% drop in HDDS
among male household heads than females. Women are noted for their “food first” plan and
mostly raise conventional crops purposely for family consumption and have less market values,
while men target cash crops. The cultivation of cash crops for the market normally may not con-
tribute much to household dietary diversity as the farm households may produce to sell and pur-
chase other household needs other than food (Mulenga et al., 2021). Years of schooling in the
untreated state tend to increase HDDS but decrease it in the treatment state. This is more likely
to be the case when farmers have had years of farming experience and have learned how to navi-
gate the process of improving household food security. Relative to the Upper West region, an

Table 3. Log of rice yield

(1)

(2) (3)

Outcome (γ0) Outcome (γ1−γ0)

Variable Coeff. SE Coeff. SE

Gender 0.126 0.107 −0.200 0.138

Log of age 0.397* 0.237 −0.626** 0.317

Log of years of schooling 0.049 0.057 −0.062 0.081

Log of household size −0.273* 0.163 0.281 0.213

Log of farm size 0.825* 0.468 −0.829 0.537

Extension access −0.928*** 0.201 1.267*** 0.260

Credit access 0.051 0.096 −0.098 0.142

Log of off-farm income −0.045** 0.015 0.064** 0.022

Log of total livestock unit 0.091 0.056 −0.119 0.096

Land ownership −0.051 0.102 0.052 0.137

Northern region −0.493 0.446 2.492*** 0.598

Upper East region 0.998*** 0.140 0.753*** 0.288

Constant 3.874*** 1.008 2.529* 1.354

Test of observed heterogeneity, p-value 0.000

Number of observations 900

Note: Columns 1 and 2 report the estimates in the untreated state and the adoption state (difference between the treatment and untreated
states), respectively. The reported test of heterogeneity shows whether the treatment effect (γ1−γ0) varies across the observed covariates.
Bootstrapped standard errors are presented with 100 replications. ***, **, and * indicate statistical significance at 1%, 5%, and 10% level.
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untreated farmer in the Northern region is associated with 0.0241 points lower HDDS, demon-
strating the importance in these outcome variables.

4.4. Average and MTEs Estimates

In this section, we discuss the MTE curves reported in Figures 2 and 3. These depict the MTE
estimates evaluated at the average values of the observed covariates. The 95% confidence intervals
presented under the MTE curves are based on the bootstrapped standard errors with 100 repli-
cations. This section helps in ascertaining whether farmers benefit from the adoption of agricul-
tural technology and how these effects differ with regard to their unobserved characteristics. The
MTE curves show whether farmers who are more likely to adopt agricultural technologies based
on unobservable characteristics have higher benefits from being treated. Seemingly, farmers with
more probability of adoption realize better yields.

From Figure 2, it is evident that farmers with lower unobserved resistance to adoption of agri-
cultural technology get the higher benefits and obtain more rice yield. The figure indicates that the
observed resistance to adoption increases with decreasing gains from adoption, suggesting positive
selection on gains. Thus, the lower level of unobserved resistance to adoption is linked with the
higher rice yield, but yield tends to decrease as the unobserved resistance to adoption increases. In
this figure, a positive pattern of selection on unobserved gains from treatment of agricultural tech-
nology is observed in rice yield. This finding is due to the fact that farmers who are more likely to
adopt agricultural technology benefit more from adoption, whereas farmers who are less likely to
adopt benefit more than the average farmer in the untreated state. This is consistent with the idea

Table 4. Log of household dietary diversity score (HDDS) equation

(1)

(2) (3)

Outcome (γ0) Outcome (γ1−γ0)

Variable Coeff. SE Coeff. SE

Gender 0.069* 0.035 −0.089* 0.052

Log of age 0.131 0.086 −0.183 0.125

Log of years of schooling 0.053** 0.016 −0.048* 0.026

Log of household size −0.032 0.058 0.066 0.082

Log of farm size 0.136 0.138 −0.125 0.166

Extension access −0.009 0.062 −0.032 0.086

Credit access 0.016 0.029 −0.027 0.044

Log of off-farm income 0.004 0.006 0.003 0.010

Log of total livestock unit 0.028 0.018 −0.019 0.032

Land ownership 0.048 0.038 −0.006 0.058

Northern region −0.241* 0.146 0.313 0.203

Upper East region −0.044 0.042 0.018 0.083

Constant 0.911** 0.357 1.181** 0.530

Test of observed heterogeneity, p-value 0.013

Number of observations 900

Note: Columns 1 and 2 report the estimates in the untreated state and the adoption state (difference between the treatment and untreated
states), respectively. The reported test of heterogeneity shows whether the treatment effect (γ1−γ0) varies across the observed covariates.
Bootstrapped standard errors are presented with 100 replications; ***, **, and * indicate statistical significance at 1%, 5%, and 10% level.
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of adoption based on comparative advantage (Suri, 2011). The p-values in Table 3 for test of het-
erogeneity show that selection based on unobserved gains is statistically significant (a null hypoth-
esis of zero slope of the MTE curve is rejected at 1% significance level) for rice yield.

In addition, Figure 3 presents the MTE curve for HDDS. The curve is downward sloping, indi-
cating that the gains from adoption decrease with increasing resistance to adoption. This shows a
pattern of positive selection on gains. Thus, farmers who are more probable to adopt agricultural
technologies get greater benefits from adopting in terms of diversified food. The lower their

Figure 3. MTE curve for household dietary diversity score (HDDS).

Figure 2. MTE curve for rice yield.
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unobserved resistance to agricultural technologies, the more the gains from adoption and even-
tually food security through increased HDDS scores.

Table 5 provides a summary of the average gains from the adoption of agricultural technologies
by rice-producing households. It is evident that the measures of treatment effect indicate possible
treatment effect heterogeneity among rice-producing households. A general picture of the esti-
mates shows that the ATT is greater than the ATE, which is also greater than the ATUT.
This is indicative of positive selection on gains, where household heads who are probable to adopt
(likely due to their inborn tendencies or variation in the quality of adoption and rice production
conditions) tend to benefit more from adoption in terms of rice yield and HDDS. The ATE esti-
mates for rice yield and HDDS are 1.483 and 0.483, respectively. The implication is that the selec-
tion of farmers randomly from the population of farmers and the adoption of agricultural
technology increase rice yield by 148.3 percentage points and 48.3 percentage points for
HDDS. With regard to the ATT, we find that, farmers with high propensity scores, the gain
for the average farmer for adopting is significantly higher. That is, 257.1 percentage points for
rice yields and 74.5 percentage points for HDDS. On the other hand, the ATUT estimates for
all the outcomes are not statistically significant, indicating that the gains to adoption for adopters
are higher than for both the random farmer and non-adopters. The reported LATE in Table 5
indicates that household heads who adopted agricultural technology due to closer markets to
the source of the technology increased rice yield by about 142.3 percentage points and HDDS
by about 29 percentage points.

Table 5. Estimates of treatment effects parameters

Parameter

Rice yield (log) HDDS (log)

Coeff. SE Coeff. SE

ATE 1.483*** 0.372 0.489*** 0.127

ATT 2.571*** 0.646 0.745*** 0.202

ATUT −0.037 0.394 0.131 0.168

LATE 1.423*** 0.203 0.294*** 0.081

Test of observable heterogeneity, p-value 0.000 0.013

Test of essential heterogeneity, p-value 0.020 0.001

No. of obs. 900 900

Note: The table shows that average treatment effects (ATE), the average treatment effect on the treated (ATT), the average treatment effects
on untreated (ATUT), local average treatments on the treated (LATE), and p-value for the test observable and essential heterogeneity for the
outcome variables. The standard error indicates bootstrapped standard errors with 100 replications. ***, **, and * indicate statistical
significance at 1%, 5%, and 10% level.

Table 6. Policy-relevant treatment effects estimates

(1)

(2) (3)

(4)Distance to technology source

Outcome Baseline propensity score Policy propensity score PRTE

Rice yield (log) 0.583 0.938 1.097 (0.332)***

HDDS (log) 0.583 0.938 0.269 (0.103)***

Note: This table reports the PRTE per farmer induced to adopt based on the policy alternative of reducing the distance to the technology
source. It also presents the propensity scores from the baseline specifications of the policy. The standard error indicates bootstrapped
standard errors (in parenthesis) with 100 replications. ***, **, and * indicate statistical significance at 1%, 5%, and 10% level.
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4.5. Policy Simulations

The findings so far indicate that the adoption of agricultural technologies does not only lead to an
increase in rice yield but also improves HDDS of the treated (adopters). The results also suggest
potential improvement of the household welfare outcomes for the untreated (non-adopters) if
they get treated. The implication is that policies meant to get around structural or systemic chal-
lenges and make farmers to adopt can be beneficial. Therefore, a policy of a reduction of the aver-
age distance of the farmer to the closest market source of the agricultural technology to a
maximum of 3 km is simulated, using PRTE. This policy attempts to ensure these technologies
are brought to the doorstep of farmers, thus making them easily available to them. The baseline
and policy propensity scores and the PRTEs of the various outcomes are indicated in columns 2, 3,
and 4 of Table 6, respectively. The estimates indicate that a reduction in the distance to the source
of the technology to a maximum of 3 km shifts farmers with unobserved resistance to the adoption
into adoption and a resultant significant increase in rice yield and HDDS by 109.7 and 26.9 per-
centage points, respectively, per farmer shifted from non-adoption into adoption.

5. Conclusion and Policy Implications
This study uses a farm household survey conducted among rice-producing households in
Northern Ghana to examine the heterogeneity in the effect of the adoption of agricultural tech-
nologies in rice production on the welfare of households. Simple comparison of measures of vari-
ous welfare outcomes by several authors has revealed differences. However, because most of the
studies do not account for other confounding variables, these mean variations are insufficient to
explain the effect of adoption on outcomes. Unlike previous studies in this area, this study employs
the MTEs strategy to understand the heterogeneity in the impact (observed and unobserved) of
adoption and what it means for policy decision making. Furthermore, the approach contributes to
estimating the ATE of agricultural technology adoption by estimating the distribution of the
impact along unobserved resistance to adoption. In this study, agricultural technology adoption
is defined as adoption of at least improved rice seeds, chemical fertilizer, or herbicides.

The empirical findings indicate that the gains from the adoption of improved rice technologies
vary significantly. It was observed that there exists a pattern of positive selection on unobserved
gains from the adoption of agricultural technologies on rice yield and HDDS. The implications of
these results are that the adoption of improved agricultural technologies somehow makes house-
holds homogenous across these outcomes. Thus, poor smallholder households that do not adopt
can bridge the gap in rice yields and dietary diversity scores with similar farmers who do adopt
agricultural technologies.

Finally, a policy simulation of reducing the distance to agricultural technology sources found
that doing so would increase rice yield and HDDS. The implications of these findings are that
interventions aimed at increasing technology adoption for rural farmers should, at least in part,
focus on reducing production and structural constraints such as the transaction costs (e.g., dis-
tance to access them, costs of accessing them). As a result, various stakeholders in the agricultural
sector and input supply chain should consider making it easier for smallholder farmers (however
remote they may be) to access these technologies. Making the technologies available could occur
through sales outlets at the village and community levels or through input subsidies for both cere-
als such as rice and other leguminous crops to boost dietary diversity (Jayne et al., 2018; Khonje
et al., 2022; Mason and Ricker-Gilbert, 2013). Input subsidies are another way for governments to
ensure that technologies such as improved seeds, chemical fertilizers, or herbicides reach the poor-
est farmers. These can be done at the local level through channels such as farmer-based organi-
zation groups (Addai et al., 2021; Wossen et al., 2017) and government input market outlets as
empowerment or technical assistance, among others. This recommendation is similar to Franco
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et al.’s (2021) recommendation that technical assistance boosts agricultural production among
Colombian farmers.

Although our study provides valuable insights into the heterogeneous effects of agricultural
technology adoption on household welfare in developing countries, our analysis was limited
by our adoption variable, which only considered those who adopted at least one of the three tech-
nologies (improved rice seeds, chemical fertilizer, and herbicides). Admittedly, this is an impor-
tant caveat because, as mentioned in this paper, the adoption rates of these technologies among
farmers have a low correlation (less than 0.173). This way, they could be seen as sort of indepen-
dent events. Policy recommendations and conclusions based on the findings of this disconnected
technology package may not be applicable to any of the three technologies that comprise it as each
specific technology may have its own set of considerations. Therefore, future studies should
explore the heterogeneous impacts of each technology individually to obtain a more precise
understanding of their heterogeneous welfare effects and develop more targeted policy
recommendations.
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