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Abstract
Policy learning can alter the perceptions of both the seriousness and the causes of a pol-
icy problem, thus also altering the perceived need to do something about the problem. This 
then allows for the informed weighing of different policy options. Taking a social network 
perspective, we argue that the role of social influence as a driver of policy learning has 
been overlooked in the literature. Network research has shown that normatively laden belief 
change is likely to occur through complex contagion—a process in which an actor receives 
social reinforcement from more than one contact in its social network. We test the applica-
bility of this idea to policy learning using node-level network regression models on a unique 
longitudinal policy network survey dataset concerning the Reducing Deforestation and For-
est Degradation (REDD+) initiative in Brazil, Indonesia, and Vietnam. We find that network 
connections explain policy learning in Indonesia and Vietnam, where the policy subsystems 
are collaborative, but not in Brazil, where the level of conflict is higher and the subsystem is 
more established. The results suggest that policy learning is more likely to result from social 
influence and complex contagion in collaborative than in conflictual settings.
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Introduction

Policy learning is an area of study that has received increasing attention in the public 
policy literature (Riche et  al., 2020). Policy learning as the update of beliefs has been 
explored, for example, in the context of environmental policy (Gerlak et al., 2018; Wag-
ner & Ylä-Anttila, 2018), collaborative governance (Leach et al., 2013), and the European 
Union (Zito & Schout, 2009). The growing popularity of research on policy learning led 
Dunlop and Radaelli (2018) to argue that policy learning has developed into an analytical 
framework of its own. When policy learning alters the perceptions of the seriousness and 
causes of a policy problem, it can also alter the perceived need to do something for the 
problem in question (Weible et al., 2016, 10; Bennett & Howlett, 1992). Although learning 
might also strengthen a particular status quo, most scholars tend to think of policy learning 
as a source of incremental policy changes that result from the adoption of new public poli-
cies (Boushey, 2010). For example,  the Advocacy Coalition Framework (ACF) contends 
that policy learning can lead to changes in the policies that are implemented (Sabatier, 
1998). Learning can also lead to the convergence of policy beliefs, which can foster build-
ing consensus and mobilizing for collective action (Leach et al., 2013). Ideally, during the 
process of learning policy, the actors develop a comprehensive and accurate understanding 
of the issues involved (Leach et  al., 2013). Although the importance of policy learning 
has generally been acknowledged, the evidence of the conditions that facilitate learning 
is scattered (Riche et al., 2020). Researchers have shown that the diversity of participants, 
their perceived trustworthiness, and the procedural fairness of governance contribute to 
policy learning (Leach et al., 2013). Moreover, Heikkila et al. (2014) suggested that policy 
learning can come about because of cross-coalitional learning processes. We argue that 
there is one source or trigger of policy learning that, thus far, has been overlooked by most 
researchers: social influence that takes places via networks.

Many theories employ concepts and ideas derived from network analysis where the 
focus is on how relationships between policy actors contribute to the policy process. It 
has been argued that networks may help actors in developing a common understanding 
of policy problems, and they may also support joint action (Riche et  al., 2020). Newig 
et al. (2010) proposed that network structures might affect policy learning, but the authors 
did not measure what the actual effects are. Thus far, relational approaches to policy pro-
cesses have mainly focused on explaining how policy beliefs affect the coordination of 
political action. Such mechanisms of social selection—actors choosing to have ties with 
those whose beliefs are similar to their own—are a recurrent phenomenon in all kinds of 
social networks (Lewis et al., 2012). For example, the so-called belief homophily thesis of 
the ACF implies that coordination of political action results primarily from similar beliefs 
(Gronow & Ylä-Anttila, 2019; Weible & Ingold, 2018). The assumption then is that policy 
actors choose to collaborate with other actors because of belief similarity. However, we 
argue that researchers of policy learning—conceptualized as changes in beliefs—should 
pay attention to another social mechanism, that of social influence. In the case of policy 
learning, social influence denotes the mechanism by which the relations a policy actor has 
with others have effects on how its beliefs change.

When previous research has recognized the importance of policy learning in the context 
of network relations, the evidence for network effects has been implicit (Riche et al., 2020, 
3). Furthermore, we argue that when policy learning results from network relations, learn-
ing as the update of beliefs takes place through a process called complex contagion. This 
concept refers to instances in which social influence takes place only when there is social 
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reinforcement from multiple sources in the actor’s social network (Centola & Macy, 2007). 
Research suggests that such multiple reinforcement is necessary to change beliefs that are 
normatively laden and, for this reason, more difficult to change than other types of beliefs 
(ibid.). Policy beliefs often fulfill this normativity criterion. Complex contagion is different 
from “simple” contagion in which, for example, information spreads in a social network 
through single contacts. The developers of the idea of complex contagion posited that the 
higher the absolute number of social contacts advocating a belief change, the more likely 
it is that belief change will occur (Centola & Macy, 2007). We argue that social reinforce-
ment is likely to lead to policy learning the larger the share of one’s social contacts that 
reinforce a certain belief.

Measuring belief changes over time and testing for the effect of social influence requires 
a policy subsystem in which policy learning takes place and where data collection on 
actors’ beliefs and social networks can repeatedly be undertaken. The policy domain of 
Reducing Emissions from Deforestation and Forest Degradation (REDD+), which was 
established under the United Nation’s Framework Convention on Climate Change (UNF-
CCC), represents such a testing ground. We apply our ideas in the context of three coun-
tries in the Global South: Vietnam, Indonesia, and Brazil. A unique contribution to advanc-
ing the understanding of policy learning is that the data were collected at two points in 
time, which enables us to infer the direction of causality in the processes we study. To our 
knowledge, this is the first time that the complex contagion idea has been tested in a policy 
learning setting. However, we also acknowledge that other, context-dependent factors may 
play a role in policy learning. In the next section, we present the theoretical framework and 
then discuss the data and methods. After presenting the results, we conclude with lessons 
learned and outline ideas for future research.

Theoretical framework and the research hypotheses

Policy learning as belief change

Policy learning refers to the acquisition of new ideas, information, and beliefs when they 
relate to policies or decision-making processes (Gerlak et al., 2018). Thus, policy learning 
has to do with the cognitive and social dynamics of belief update (Moyson, 2017). Learn-
ing changes how things are seen and how goals are pursued. Traditionally, learning has 
applied to individuals, but recent advances have emphasized that organizations also adapt 
to changes in their environments and are therefore learning systems that can hold collective 
beliefs (Williams, 2001, 69). Our focus is on this level of organizational beliefs.

Policy process theories often emphasize the importance of policy learning for policy 
change (Bakır, 2017). One such theory is the ACF, which assumes that the relevant level of 
analyses of policy processes is a policy subsystem (Sabatier, 1998). Subsystems consist of 
all the policy actors that have a stake in a certain policy field. For example, climate change 
policy or land use policy can be analyzed as a policy subsystem, which consists of all the 
organizations (e.g., government agencies, non-governmental organizations, and businesses) 
that are engaged in shaping related policies (Gronow & Ylä-Anttila, 2019). According to 
the ACF, policy actors coordinate and advocate for specific policy goals through coali-
tions whose composition reflects their shared policy beliefs (Sabatier, 1998). Changes in 
the beliefs held by the actors in a policy subsystem often precede policy change (Leifeld, 
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2013). Belief change can, for example, change the relative size of coalitions if changes in 
beliefs lead actors to defect and join a new coalition.

Although policy beliefs and learning are a central feature of the ACF, scholars working 
within this framework have mainly investigated instances of social selection. This concept 
denotes the phenomenon where actors choose to engage in relationships with others whose 
attributes are similar to their own (Lewis et al., 2012). A central assumption of the ACF 
is that shared policy beliefs unite actors into advocacy coalitions through a mechanism of 
social selection: actors select collaboration partners because of belief similarity. Changed 
beliefs can therefore lead to changes in the collaboration ties that coalitions are based on. 
We argue, however, that another mechanism recurrent in social networks, social influence, 
may play an important role in policy learning. Social influence occurs when an actor’s 
behaviors or beliefs change so that they become similar to those of its network contacts. 
In the context of policy learning, this means that actors update their beliefs based on the 
beliefs that their contacts hold. Previous research has investigated factors such as trust and 
the role of central actors in facilitating policy learning (Riche et al., 2020). However, the 
way that the links between organizational actors contribute to the updating of policy beliefs 
has so far been overlooked. Next, we outline the why it makes sense to analyze social influ-
ence as a driver of policy learning in the ACF context.

Policy learning and the ACF

The ACF suggests that belief-oriented segregation is a common phenomenon in networks 
because of a tendency for belief homophily, especially when there are conflicts over core 
values. This means that there is a tendency to collaborate with actors that share similar 
policy beliefs because joining forces makes it more likely that actors can push for policies 
that align with their beliefs. Beliefs and strategic concerns (how to realize policies based 
on those beliefs) thus give rise to the network-level result of segregation based on beliefs 
(Henry et al., 2020). Ingold et al. (2019) argue that the centrality of beliefs for ACF begs 
the question of how beliefs are acquired and updated. They also acknowledge that while 
ACF assumes that learning is a critical part of this process, little is known about factors 
that facilitate learning and lead to alterations in policy beliefs.

In addition, Henry et al. (2020, 3) argue that ACF’s focus on belief homophily has had 
the unfortunate consequence of detracting attention from the possibility that policy actors’ 
beliefs can also evolve due to the influence of their network connections. In the ACF per-
spective, the ones who learn by updating their beliefs are individuals, but the aggregated 
learning at the level of collective actors, or coalitions, is the main concern. We hasten to 
add that the policy actors of interest are usually organizational actors rather than individu-
als. Thus, individuals represent organizations (i.e., ministries, NGOs, businesses, etc.) and 
rarely engage in purely private thinking—at least not in private thinking that would con-
tradict the beliefs of the organization. Therefore, our analysis focuses on organizational 
beliefs (cf. Williams, 2001).

Belief homophily and policy learning may work together through a process of coevolu-
tion if learning makes actors’ beliefs more similar over time. However, Henry et al. (2020) 
found evidence of belief homophily but not of learning. Thus, what drives network forma-
tion in their study is not so much that that actors would change their beliefs by becoming 
similar with their network partners, but that actors choose to establish connections with 
those whose beliefs are already similar to their own. Henry et  al. (2020, 24) therefore 
conclude that “the learning of policy beliefs is extremely difficult.” The authors measure 
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learning is by analyzing whether professional movements between organizations make 
organizational beliefs converge. Thus, it counts as policy learning if an individual moves 
from one organization to another and then the beliefs reported by the latter organization 
change as a result. They find only a small and statistically non-significant negative associa-
tion between these two factors. While this is valuable evidence, it remains unclear whether 
this measure captures the effects of policy learning on the organizational level. It may be 
too much to ask that a single individual would change the stances of an organization by 
being recruited by this organization because organizational beliefs are more than the sum 
of the beliefs of their representatives. Therefore, the jury is still out when it comes to the 
effects of social influence on policy learning. Most importantly, what is the exact mecha-
nism through which social influence operates? We argue that complex contagion is at least 
a partial answer.

Policy learning and complex contagion

There are instances when social influence takes place because a single contact acts as a 
source of novel information or social pressure. For example, a single contact is sufficient 
for the transmission of information concerning new job opportunities (Guilbeault et  al., 
2018). Upon hearing information like this from a single person, one is likely to think the 
information is credible and may act upon it by applying for the job or by relaying the infor-
mation further. Centola and Macy (2007) called such instances of social influence sim-
ple contagions. Centola and Macy argued that the diffusion of normatively laden beliefs 
and collective behaviors differs from the diffusion of information because such beliefs and 
behaviors spread through complex contagion. This concept refers to a process in which 
social reinforcement comes from several sources in an actor’s network. When faced with 
novel ways of doing things and with innovative ideas, “[n]onadopters are likely to chal-
lenge the legitimacy of the innovation, and innovators risk being shunned as deviants until 
there is a critical mass of early adopters” (Centola & Macy, 2007, 708), effectively block-
ing the transmission of new ideas. Normatively laden beliefs and behaviors thus require 
complex contagion to spread because the threshold for change is overcome only when there 
is social reinforcement from multiple sources (Centola, 2018, 37).

Brokerage refers to a phenomenon in which an actor connects otherwise disconnected 
parts of a network. It is often thought that brokerage is conducive to the diffusion of novel 
ideas because an old idea in one group is potentially a new idea in another group. Broker-
ing ties are “weak” in the sense that these connections between actors are often infrequent 
and non-transitive (i.e., friends of friends are not connected with each other). Granovet-
ter (1973) famously argued that such ties can in fact be “strong,” because they make the 
diffusion of information possible. However, Centola and Macy (2007, 709) pointed out 
that “when activation requires confirmation or reinforcement from two or more sources, 
the transitive structure that was redundant for the spread of information now becomes an 
essential pathway for diffusion.” This means that although network structures of brokerage 
can introduce novel information into networks, social influence often requires confirmation 
from multiple sources.

Complex contagions have been studied, for example, in the context of behaviors driven 
by online sharing (Sprague & House, 2017) and political echo chambers (Boutyline & 
Willer, 2017). As far as we are aware, the idea of complex contagions has never been tested 
in the context of policy learning despite the increasing attention paid by public policy 
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scholars to policy learning in general (e.g., Heikkila & Gerlak, 2013) and to networks spe-
cifically as a potential source of policy learning (Henry et al., 2020).

Centola and Macy (2007) originally conceptualized complex contagion as having to do 
with multiple contacts. Centola (2018, 50) later added the insight that a fraction of con-
tacts can be more important than their actual number in some contexts. In the context of 
belief change, this means that change may not take place if only a small fraction of social 
contacts “pulls” in the direction of belief change. Consider a case where someone has ten 
connections, and three of these contacts differ in their beliefs from the actor. In Centola 
and Macy’s original view, this would count as a possible scenario for complex contagion 
because more than one contact socially “reinforces” belief change. However, there are still 
seven contacts that reinforce the actor’s existing beliefs. Now compare this scenario to a 
situation where again three contacts have different beliefs from the actor, but the total num-
ber of contacts is only five. The number of ties to contacts with different beliefs remains 
the same as in the first case, but the social pressure is likely stronger because the contacts 
with different beliefs now constitute the majority. We thus expect that the share, not the 
absolute number of social ties, is what often matters for policy learning. In what follows, 
policy learning is conceptualized as increasing belief congruence according to the ACF 
model (Henry et al., 2020). This brings us to our first hypothesis:

H1: A higher share of social contacts holding beliefs that differ from the actor’s 
beliefs make belief change more likely.

The theory of complex contagion is first and foremost a general theory of the network 
effects on belief and behavior change. However, we argue that there are also attribute-
related factors that may make belief change more likely. A recurring finding in social net-
work analysis is that of homophily where similarity attracts and, in time, leads to more 
similarity (McPherson et al., 2001). People and organizations do not only form ties with 
those who are similar to themselves, but they also tend to see similar social contacts as reli-
able sources of new information. Such homophily effects are also known to be common in 
the context of policy learning (Riche et al., 2020). Therefore, it is likely that policy actors 
are more attentive to the opinions and beliefs of actors they see as similar with themselves. 
Thus, we posit the following hypothesis:

H2: Similar kinds of actors are more likely to influence belief change.

Previous research has argued that public authorities often play important roles in policy 
subsystems due to their official decision-making power (Fischer et al., 2017). Ideally, pub-
lic authorities can facilitate collaboration among actors with different beliefs and resources 
(Gronow et al., 2020). Therefore, we expect that governmental actors they are more likely 
to induce belief change than others (perhaps especially in one of our case countries, one-
party Vietnam):

H3: Governmental actors are more likely to influence belief change.

Social network analysts have found that central actors often play key roles in diffusion pro-
cesses because they have many contacts and therefore hold the potential to diffuse their 
beliefs among other actors (Borgatti, 2005). In addition, actors that are perceived to be 
influential by others are also likely to have a bigger effect on others’ beliefs (Fischer & 
Sciarini, 2015) because their status is high (Centola, 2018, 48). These actors hold what is 
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known as reputational power (cf. Hunter, 1953). Therefore, it is likely that central actors 
and those that are seen as influential by their peers are more likely to induce belief change:

H4: Central actors are more likely to influence belief change.
H5: Influential actors are more likely to influence belief change.

Network analyses have repeatedly found that reciprocal relationships are important in all 
social networks because social actors in general, policy actors included, tend to reciprocate 
social ties (Gouldner, 1960). Reciprocal relationships are also likely to be sources of trust 
and social capital (Berardo & Scholz, 2010). In the context of our study, reciprocity takes 
place when policy actors A and B mutually collaborate with each other. We expect that 
reciprocal relationships are more likely to influence belief change than other relationships:

H6: Reciprocal relationships are more likely to influence belief change than non-
reciprocal ones.

Case selection, data, and methods

Gerlak et  al. (2018, 336) argue that environmental policies are fertile ground for study-
ing policy learning because “they are characterized by high levels of uncertainty associ-
ated with cross-scale feedbacks, unclear problem definition and resolution, and diverse 
policy interests”. This characterization applies to the cases we selected: the REDD+ policy 
subsystems in Vietnam, Indonesia, and Brazil. REDD+ was established at the 13th UNF-
CCC Conference of the Parties (COP) in 2007 in Bali, Indonesia. It was introduced as 
a market-based global climate policy initiative aiming at halting forest loss and related 
CO2 emissions in forest-rich tropical countries (Stern, 2006). Initially negotiated as RED, 
with a focus on deforestation, forest degradation was later added as a second D, followed 
by conservation, sustainable management of forests, and enhancement of forest carbon 
stocks (indicated by the plus sign). As other anti-deforestation and forest-based mitiga-
tion approaches (Bäckstrand & Lövbrand, 2006), REDD+ faces many uncertainties. Some 
sources of uncertainty are related to the actual and long-term impact of REDD+ mitiga-
tion efforts, expressed in additionality and permanence of emission reductions from 
reduced deforestation, and in leakage, which happens when measures aimed at one area 
lead to deforestation elsewhere. With diverse policy interests at play, forests and forested 
land in the tropics are subject to a multitude of pressures from cross-level interactions 
among global, national and local policy actors (Brockhaus et al., 2014). Since its incep-
tions, REDD+ has triggered policy changes in countries’ domestic arena, especially in the 
land use and forest sectors, even though the effectiveness and fairness of the mechanism 
remains contested (Korhonen-Kurki et al., 2019).

Most policy research focuses on mature subsystems where one can easily identify 
the key participants, the substantive topics, and the territorial boundary of the subsys-
tem (Ingold et al., 2017). However, “by focusing only on mature subsystems, we miss an 
important piece of the puzzle: we do not know how and why particular subsystems form” 
(ibid. 2). Thus, Ingold et al. (2017) called for more research to focus on nascent subsys-
tems that are not yet mature. REDD+ is such an emerging subsystem, just over a decade 
old and evolving over time (Brockhaus et  al., 2014; Korhonen-Kurki et  al., 2019). It is 
possible that belief change is likelier in nascent subsystems than in mature subsystems. 
Actors may not yet have permanent policy beliefs and, therefore, are more likely to change 
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their beliefs because the topic of the subsystem is relatively new and still in the process of 
being formed. This means that policy actors scan their social environment and update their 
beliefs based on social influence. It is therefore possible that belief change in general, and 
also due to social influence, is likelier in nascent than in mature subsystems. This makes 
nascent subsystems a good candidate for doing research on policy learning, as actors are 
in general more likely to change their beliefs. However, this also means that we cannot be 
entirely certain that our results would apply in mature settings.

Next, we discuss the data and methods in more detail.

Case selection

According to Ingold et  al. (2019), an ideal research design for assessing policy learning 
would involve a panel study of the same actors over two periods of time. Our design ful-
fills this criterion as it is a panel study where we follow the same actors over time. The 
data in this study come from two rounds of national-level policy network surveys of the 
REDD+ subsystem (Brockhaus et  al., 2014). The case countries are Brazil, Indonesia, 
and Vietnam. Countries were purposefully selected based on their relevance for and early 
engagement with REDD (e.g., through engagement in the Forest Carbon Partnership Facil-
ity), and due to the presence of pilot projects. Comparison across cases can be facilitated 
by the presence of contextual differences (Berg-Schlosser & De Meur, 2009), which in the 
selected countries range from diverse regime structures, governance frameworks, and insti-
tutions to earlier, established climate and forest policies. In Brazil, REDD+ has been a con-
tentious issue from the very start, with stronger polarization of opinions than elsewhere, 
including factions with opposite ideas about embracing carbon offsetting and of protecting 
the rights of indigenous people. In Vietnam, REDD+ started as a concerted policy effort 
of a unitary authoritarian regime supported by international donors with virtually no space 
for any kind of open dissent. In Indonesia, the emerging policy domain was initially driven 
by high-level multilateral and bilateral (Norway) partnerships and by support from seg-
ments of civil society but with domestic power struggles within the Indonesian bureau-
cracy. (Angelsen & McNeill, 2012; Brockhaus & Di Gregorio, 2014; Brockhaus et  al., 
2014, 2017; Korhonen-Kurki et al., 2014, 2019.)

Vietnam is an interesting case for political research because the country is a single-party 
socialist republic. In a non-democratic country, it can be difficult to get people to voice 
their actual opinions. Furthermore, it is possible that people take their cues from govern-
ment actors and try to follow the official party doctrine. We think that these reasons make 
Vietnam an interesting litmus test for the idea of complex contagions. In a single-party 
state, it is reasonable to assume that the opinions of those in power are more important than 
the opinions of one’s contacts. In this context, it is possible that no evidence for the local 
network effects that complex contagion should produce is found, unless, of course, those in 
power are those to whom people are also connected. However, if complex contagion is wit-
nessed even in a case like Vietnam, this is powerful evidence for the idea because it con-
firms that complex contagion can take place even in authoritarian countries where people 
tend to follow “official” opinions. Vietnam is thus a least likely case where we would not 
expect general social influence to play a role in policy learning. The value of least likely 
cases is that if the theory is supported by the data, it is powerful evidence for the validity of 
the theory (Levy, 2008, 12).
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Data

In the first round of data collection, survey responses were collected from 55 policy 
actors in Brazil (response rate 86%), 65 in Indonesia (response rate 64%), and 52 in 
Vietnam (response rate of 100%), and in the second round, 72 in Brazil (55%), 84 in 
Indonesia (64%), and 48 in Vietnam (87%). The respondents were high-level representa-
tives of organizations that were involved or had relevance in the national REDD+ policy 
subsystem. The first round of data collection was conducted between 2010 and 2012 and 
the second round between 2015 and 2016. For the temporal analyses, we included only 
organizations that participated in both rounds, leaving us with 27 responses in Brazil, 43 
in Indonesia, and 27 in Vietnam. However, when constructing the independent variables 
representing organizational attitudes in the first round of data collection, we used the 
whole dataset from the first round. Due to the temporal nature of the study data, we are 
able to assess the role of policy learning.

Studying the effect that social ties have on policy learning thus requires temporal data, 
which is probably one of the reasons why so little research on social influence in this con-
text exists. Previous researchers often relied on respondents’ own assessments of whether 
learning has taken place (Leach et al., 2013). However, the problem with this measure is 
that it is possible that some people are more willing to admit that learning has taken place 
than others. For example, respondents with technical and scientific competence might be 
less willing to do so (Leach et al., 2013, 612). Instead of relying on respondents’ recall, we 
measure the changes taking place at the level of the policy actors’ beliefs.

Dependent variable

The dependent variable measures changes in REDD+ policy beliefs between two data col-
lection rounds. The respondents were asked about their level of agreement or disagree-
ment with several opinion statements related to REDD+ using a five-point Likert scale 
(1 = Strongly disagree, 2 = Disagree, 3 = Neither agree nor disagree, 4 = Agree, 5 = Strongly 
agree). We performed a factor analysis using all questions we identified as policy core 
beliefs (more on this issue below). Based on the results of the factor analysis, we focused 
our analysis on four opinion statements that were asked in both rounds on four crucial out-
comes of REDD+ related to Effectiveness, Efficiency, and Equity (also known as the 3 E’s; 
Angelsen et al., 2009), and to governance outcomes. Together, these statements measure 
how the organization assesses REDD+ as a policy instrument. Cronbach’s alpha for these 
four questions was 0.723 in the first round data and 0.707 in the second round. Using only 
three questions instead of four in the second round would make the Cronbach alpha slightly 
better (0.714), but the difference is small, and it would mean that one question would have 
to be omitted from the first round of analysis for the sake of comparability. Therefore, we 
decided to base the composite variable on four questions. For the composite variable, we 
computed the mean of these variables for each respondent in both rounds. The content of 
the four statements remained the same across the two rounds, although the wording was 
slightly amended based on feedback pointing to the need to simplify and shorten the state-
ments and to reflect the evolution of particular positions and language in the subsystem 
(see Table 1).
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These questions reflect underlying policy beliefs because they all assessed the viability 
of REDD+. The ACF distinguishes beliefs into three types: deep core, policy core, and 
secondary beliefs (Weible & Sabatier, 2009). Deep core refers to broad and stable norma-
tive beliefs, such as general liberal and conservative outlooks. Policy core beliefs span the 
subsystem in question and are usually the ideational basis for advocacy coalitions, whereas 
secondary beliefs are narrower and relate to a part of the subsystem. For example, a broad 
belief concerning the viability of REDD+ in tackling deforestation would constitute a pol-
icy core belief, and a belief concerning a specific technical policy solution would count as 
a secondary belief. The beliefs that we focus on would be considered policy core beliefs in 
the ACF sense of the term because they are normative beliefs that relate to the topic of the 
subsystem (i.e., the REDD+ program).

The dependent variable in the analyses was actor’s belief changes in the composite vari-
able between rounds. The value of the composite variable in round one was subtracted 
from the value of the composite variable in the second round. The resulting dependent var-
iable was approximately normally distributed, and the values ranged from –1.75 to + 1.50. 
A positive value of the change variable indicates a positive change in how the organization 
assesses REDD+ as a policy instrument, and a negative value indicates a negative change. 
Previous researchers have tended to rely on respondents’ own assessments of whether pol-
icy learning has taken place (Leach et al., 2013). However, it is possible that respondents 
have recall problems, and they might not even be able to consciously assess the extent of 
their learning. Our measure for policy learning does not suffer from these problems.

Independent variables

To measure the network connections between the organizations in our sample, the respond-
ents were presented with a roster of the organizations that were part of the national 
REDD+ policy subsystems, and they were asked “With which organizations does [your 
organization] regularly collaborate concerning REDD+ related issues?”. A collaboration 
network was constructed on the basis of this question. Because we are interested in analyz-
ing the effect that other people’s beliefs have on an actor’s beliefs, we calculated how many 
of an actor’s contacts in the collaboration network were more negative and more positive 
than the actor in their attitude toward REDD+ in the first round of data collection. In what 
follows, we often refer to the contacts that an actor has as alters and the actor itself as ego, 
as is common in network analysis.

Table 1   Statements for the Composite Variable

Round 1 Round 2

REDD is an effective option for reducing green-
house gas emissions globally

REDD+ is an effective option for reducing green-
house gas emissions globally

REDD is a financially affordable way to mitigate 
climate change

REDD+ is a financially affordable way to mitigate 
climate change

REDD will assure fairness in the international dis-
tribution of environmental costs and benefits

REDD+ is an equitable mechanism for balancing the 
burdens of climate change

REDD schemes will provide incentives and 
resources to improve forest governance (e.g., 
illegal logging and rule of law)

REDD+ leads to improved forest governance (e.g., 
illegal logging, access to justice, and rule of law)
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To test Hypothesis 1, we calculated our main independent variable, the overall ratio of 
more negative versus more positive contacts or collaboration partners. For example, if an 
actor had three contacts that had more negative beliefs about REDD+, and one contact 
with more positive beliefs, then the overall ratio would be − 2 (− 3 + 1).1 In constructing 
this variable, we considered only ties that the respondents themselves reported (i.e., outgo-
ing ties in network parlance) because we think that only actors that the respondents consid-
ered to be collaborators would be likely to influence their beliefs. Thus, cases in which only 
the contacts report a collaboration tie were excluded.

To test Hypotheses 2–5, we calculated the ratio of more negative and more positive 
alters among different actor groups. Hypothesis 2 states that political actors are more 
attentive to the opinions and beliefs of organizations that are of the same type. Accord-
ing to this logic, for example, a non-governmental actor (NGO) would be more likely to 
influence other NGOs than different kinds of organizations. Organization type categories 
include government organizations, domestic environmental NGOs, domestic NGOs with 
other interests, foreign government agencies, intergovernmental organizations, interna-
tional businesses, international environmental NGOs and networks, international NGOs 
(non-environmental), international research institutes, national business organizations, and 
national research institutes. In addition, we postulated that government actors are more 
influential than others (H3), perhaps especially in Vietnam, and we tested whether they 
were more important than others in triggering belief change by focusing only on collabora-
tion links to governmental organizations. The effect of central actors (H4) was tested by 
counting in-degree centrality in the collaboration network. In-degree measures the incom-
ing collaboration ties for each actor. The respondents were also asked to “indicate those 
organizations that stand out as especially influential on domestic REDD policies”.  The 
effect of influential actors (H5) was analyzed by focusing on ties to organizations among 
the most influential quintile. To test Hypothesis 6, we focused only on reciprocal collabora-
tion ties (acknowledged by both the actors themselves and their contacts). 

Table 2 presents the dependent variable, the six independent variables used to test our 
hypotheses (H1-H6), their measurement, and survey items used to construct them.

Methods

For the analysis, we used a node-level regression in UCINET. Node-level regression in 
UCINET calculates the coefficients using a standard OLS linear regression, but estimates 
standard errors with a simulation. This method thus takes into account that observations in 
networks are not independent of each other (Borgatti et al., 2013).

We present eleven different models for each country, all modeling the change in policy 
actors’ beliefs about REDD+. Due to strong multicollinearity, the independent variables 
were added to the models one by one (models 1–6), and then with the main independ-
ent variable, which measured the overall share of outgoing ties with contacts that were 
different from the actor’s beliefs (models 7–11). A limitation of our approach is that we 
could not control for all possible sources of belief change. In principle, it is possible that 
all actors whose belief change seems to have been affected by their contacts’ beliefs were 

1  As robustness checks, we constructed the independent variables in varied ways. We used the share of 
more negative and more positive contacts, and the absolute number of more negative and more positive 
contacts separately, resulting in four different independent variables for the main independent variable 
alone. All robustness checks pointed toward the results presented in this paper. For the sake of simplicity, 
we present only the measure that combines the number of more negative and more positive contacts.
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reacting to some exogenous event. This would mean that actors would change their beliefs 
and do it irrespective of their social contacts, even though their beliefs would now fall bet-
ter in line with the beliefs of their contacts.

It is a general problem for all policy learning research that a perfect experimental design 
where all possible stimuli of learning would be accounted for is not possible (Ingold et al., 
2019). However, it is unlikely that the beliefs of social contacts would not play any role 
if changes happen in both directions, more positive and more negative, and in correlation 
with the share of social contacts that hold these beliefs. Thus, if some exogenous event 
would explain changes in beliefs, it would be unlikely to correlate with the share of social 
contacts holding different beliefs. Another limitation is that not all respondents of the first 
survey round responded to the second survey. However, the group of organizations that 
either had ceased to exist or refused to participate in the second-round survey was not 
biased in the sense of representing a certain subset of the total population (for example, 
only NGOs).

Results

First, we look at the collaboration networks and how actors changed their beliefs between 
rounds of data collection in each country. Figures  1, 2, and 3 present the collaboration 
networks in Indonesia, Vietnam, and Brazil, respectively. The color of the actors (i.e., the 
nodes) represents the change in beliefs between data collection rounds. Red actors changed 
their beliefs on REDD+ to a more negative direction and green actors to a more positive 
direction between data collection rounds. Furthermore, the bigger the node, the more the 
beliefs changed. Actors that did not change their beliefs between rounds are marked blue, 
and actors that were present only in the first round of data collection are marked gray. The 
colors of the links between actors represent the beliefs of the alters on round 1 relative to 
the beliefs of the actor (i.e., ego), and the arrowhead indicates the direction of social influ-
ence. Red links with the arrowhead directed at an actor show that alters’ beliefs regarding 
REDD+ were more negative compared to the beliefs of the actor, green links indicate a 
more positive alter, and blue links indicate an alter with similar beliefs as the actor.

In Fig. 1, for example, the national research institute (RES) at the top of the figure is 
marked green, indicating a positive belief change, and the two green links with arrow-
heads pointing toward this institute show two contacts that were more positive regarding 
REDD+ on round 1 compared to this actor. The two red links without arrowheads indicate 
that the organization in question itself was more negative regarding REDD+ on round 1 
compared to two actors it is linked with. The actor labels show the organization type, all 
explained in the legends of the figures.

From these figures, we can see that in all of our case countries, some of the organiza-
tions changed their beliefs. Furthermore, the figures indicate that social influence might be 
taking place. Next we turn to statistical analyses to find out whether this is the case.

To begin with descriptive statistics, we can see that belief changes are not exclusively 
occurring in any particular kinds of organizations. Rather, organizations in several cate-
gories (NGO, business, government, etc.) change their beliefs and this happens in both 
negative and positive directions in all case countries. Furthermore, there were no statis-
tically significant differences in the mean belief change between the countries (ANOVA 
F = 0.762, p = 0.47). As a single-party regime, Vietnam deserves special attention. If all 
actors followed the official government line in Vietnam, we would find everyone changing 
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their beliefs in line with those of the government. However, this is not the case, which is 
an indication that policy actors and their beliefs are, to some degree, independent from the 
official government position.

To test our six hypotheses, we used node-level regressions. The regression coefficients 
of the node-level regression models are presented in Figs. 4 and 5, and the full models in 
Appendix Tables 4, 5, and 6.

Our main hypothesis on complex contagion (H1) stated that a higher share of social 
contacts holding beliefs that differ from the actor’s beliefs would make belief change more 
likely. The results confirm this hypothesis for Indonesia and Vietnam, as shown in Fig. 4. 
The bigger the share of social contacts that hold different beliefs about  REDD+, the more 
likely that the actor’s beliefs change. This finding holds for both more positive and more 
negative contacts. Thus, contacts that hold more negative beliefs about REDD+ than the 
actor influence belief change in this direction and contacts with more positive beliefs in a 
more positive direction. We did not, however, find this complex contagion effect in Bra-
zil. In models 7 to 11, we tested for all countries whether the beliefs of different kinds of 
alters—actors of the same organization type (H2), governmental actors (H3), central actors 
(H4), influential actors (H5) or actors with reciprocal ties (H6)—have an effect on the 

Fig. 1   Belief change in the Indonesian network
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actors’ belief change over the effect of all alters combined (H1). Results presented in Fig. 5 
show that this is not the case. Next, we discuss the model results in more detail by country.

In Indonesia, all independent variables are statistically significant when added to 
the model individually (Fig. 4, see also the regression tables in the Appendix). Beliefs 
of the actor’s contacts in general have an effect on belief change (as H1 expects), but 
the effect is bigger when only contacts representing the same organization type as the 
actor are taken into account (as indicated by H2) or when only reciprocal ties are con-
sidered (H6). Beliefs of governmental alters (H3), central alters (H4), and influential 
alters (H5) also have an effect but it is not bigger than the effect of all alters combined. 
The parameter estimate is the highest for reciprocal alters (model 6), but the model 
fit is not as high as that of the other models. This result is likely due to the very low 
reciprocity of the network as only seven pairs of organizations reported reciprocal ties. 
The second highest parameter estimate is for actors of the same organizational type 
(model 2), but the model fit among the models containing only one independent vari-
able is the highest for all actors (model 1). The highest adjusted R2 among all models 
is for the model combining these two (model 6). The estimates are statistically signifi-
cant in this model for all actors and also for actors of the same organization type (e.g., 
NGOs being influenced by other NGOs). Thus, in addition to the effect of the beliefs 

Fig. 2   Belief change in the Vietnamese network
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of all contacts, the beliefs of similar organizations have an additional effect, perhaps 
because similar organizations are seen as more credible as sources of social influence.

In Vietnam, the beliefs of all contacts (i.e., their share, H1) but also central (H4), 
influential (H5), and reciprocal (H6) contacts are statistically significant when added 
to the model individually. The adjusted R2 is highest in model 6 (0.263), indicating 
that the beliefs of reciprocal contacts explain the variation in the dependent variable 
the best, although alters’ influence and centrality also have an effect. Thus, the share 
of social contacts holding different beliefs is not the only thing that matters in explain-
ing belief change. In the case of Vietnam it could be that governmental contacts would 
be solely responsible for initiating belief change but this is not the case. Government 
organizations’ beliefs do not have an effect on belief change (and neither are the most 
influential actors are solely government actors, either).

Brazil differs from Indonesia and Vietnam in that none of the independent vari-
ables have a statistically significant effect on the way organizations change their beliefs 
about REDD+. Thus, none of our hypotheses get support in Brazil.

Fig. 3   Belief change in the Brazilian network
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Discussion and conclusions

One of the promises of studying policy learning is that it can act as a source of policy 
change. If policy learning alters the perceptions of the seriousness and causes of policy 
problems, it may have an effect on the perceived need to address these problems (Wei-
ble et  al., 2016, 10). Furthermore, learning can converge policy beliefs, build consensus 
(Leach et al., 2013), and potentially develop a comprehensive understanding of the issues 
involved. Even if no consensus develops, policy learning can alter coalition dynamics 
since changes in policy beliefs may lead to new advocacy coalition formations. We set 
out to study policy learning by focusing on the role that the network mechanism of social 
influence plays. We asked whether the beliefs of a policy actor’s social contacts have an 
effect on how that actor’s beliefs change over time—whether policy learning takes place. 
Existing network research and research on advocacy coalitions have mostly focused on the 
opposite mechanism, social selection, by showing that the beliefs of policy actors are asso-
ciated with their selection of collaboration partners. Previous researchers of policy learning 
have proposed that network structure might affect policy learning (Newig et al. 2010) but 
either have not measured what these effects are or have measured them in a way that does 
not account for actual links between organizations (Henry et al., 2020).

We argued that when changes in policy beliefs result from social influence, this happens 
through complex contagion (Centola & Macy, 2007), a process by which reinforcement 
from multiple social sources acts as a catalyst for change. The results support the idea that 
policy learning, operationalized as belief change, takes place as a result of complex conta-
gion. In Vietnam and Indonesia, we found that the bigger the share of social contacts who 
have policy beliefs that are different from the actor’s beliefs, the more likely that an actor’s 
opinion will change. In Brazil, however, there was no such effect.

Of the case countries, the REDD+ policy subsystem in Vietnam is smaller and largely 
collaborative, in Indonesia it is larger and more diverse but predominantly collaborative, 
while in Brazil it is the most conflictual (Brockhaus & Di Gregorio, 2014). In addition, 
anti-deforestation policies have existed longer in Brazil, and carbon offsetting through for-
est management is also more established there (Nepstad et al., 2014). This means that the 
REDD+ policy subsystem was built on a well-established base, and thus, the policy sub-
system may not be nascent in the same way as in Indonesia and Vietnam. Policy beliefs 
in established subsystems are less likely to change than in nascent ones, where conflict 
lines between opposing coalitions are weaker (Ingold et  al., 2017). Thus, although the 
REDD+ subsystem is nascent in Brazil, it is linked to existing and strongly ideological and 
polarized debates about forest carbon offsetting, anti-deforestation approaches, and land 
use across actors and levels of governance (Gebara et al., 2017). In Indonesia, the policy 
domain has been less conflictual as debates in the early years of REDD+ were dominated 
by positive views, with some contention about reconciling economic and environmental 
protection, but dominant policy actors portraying reconciliatory win–win solutions (Cronin 
et  al., 2016). In Vietnam, the government was keen to embrace opportunities to engage 
with markets for environmental services (Thuy et al., 2008). Strong conflicts were not and 
could not be present as open dissent with the government is not tolerated (Pham et  al., 
2014).

We suspect that the adversarial nature of the Brazilian subsystem makes policy actors 
immune to policy learning. This suspicion is supported by Weible and Sabatier (2009), who 
argued that policy learning is more likely to occur in collaborative compared to adversarial 
subsystems because collaborative cases are associated with moderate rather than extreme 
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beliefs and with less polarization. While Weible and Sabatier (2009) discuss policy learn-
ing in general, our study confirms this presupposition in the case of social influence as a 
driver of policy learning. This tension between collaboration and polarization indicates a 
practical implication for efforts to halt deforestation in Brazil. If the polarization of beliefs 
and high level of conflict is not tackled, policy learning through complex contagion prob-
ably will not influence policy processes. In addition, if polarization in Brazil persists, it is 
likely that future policy change might be abrupt and driven by major changes in external 
factors, as opposed to incremental policy learning processes (Sabatier & Jenkins-Smith, 
1993) that result from network mechanisms.

Our main finding thus is that complex contagion is a mechanism that explains how 
social influence takes place in the context of policy learning. However, we also showed 
that context-dependent factors having to do with the attributes of actors are also at play. In 
Indonesia, we found an organizational homophily effect, meaning that organizations are 
more likely to change their beliefs in response to social influence from similar organiza-
tions. This result is in line with previous studies (Gallemore et al., 2015; Moeliono et al., 
2014). We also found that actors are more likely to be influenced by actors perceived as 
influential, thus showing that higher-status actors are more important than others (cf. Cen-
tola, 2018, 48). In more practical terms, this would imply that policy learning in Indonesia 
might lead to increased consensus around  the beliefs of dominant actors. Many of these 
influential actors have been very cautious about accelerating anti-deforestation action.

The overall implication of our study for theories of policy learning and for the ACF 
is that learning can occur by linked actors becoming more similar to each other in their 
beliefs (cf. Henry et al., 2020). It remains for future research to find out what the implica-
tion of the mechanisms of social influence and complex contagion is for overall coalition 
dynamics. As a preliminary hypothesis, we present the idea that coalition lines can become 
blurred as a result of complex contagion as actors’ beliefs become more congruent (cf. 
Henry et al., 2020). Furthermore, if a network is dense, complex contagion can make the 
diffusion of policy beliefs happen quickly. However, on the occasion that complex conta-
gion also occurs in adversarial contexts, belief congruence among linked actors is likely 
to make the polarization of coalitions more intense. We hope future research tests these 
preliminary suggestions.

We suppose that policy learning and therefore also social influence are likely to play a 
role, especially in nascent subsystems, but as we did not have data on mature subsystems, 
we could not systematically control for the effect of nascent versus mature subsystems. 
Therefore, future studies should try to test whether policy actors are less susceptible to 
social sources of policy learning in mature policy subsystems than in nascent ones. We are 
confident in arguing that collaborative subsystems are more susceptible to complex conta-
gion than conflictual ones, which is a likely explanation for the lack of evidence of com-
plex contagion in Brazil, the most adversarial and polarized of the cases. However, this is 
also a topic that calls for future researcher.

Another issue that merits attention in future research is disentangling the effects of 
social influence on different types of policy beliefs. We focused on a set of policy beliefs 
related to the viability of REDD+. We think these beliefs constitute the policy core of the 
REDD+ subsystem and policy core beliefs have been shown to be important for the forma-
tion of advocacy coalitions (Weible & Sabatier, 2009). Policy core beliefs are likely more 
susceptible to social influence than so-called deep core beliefs, which concern stable and 
very general policy-related worldviews. However, it is possible that secondary beliefs con-
cerning technical solutions for realizing policy core beliefs are even more likely to change 
because of social influence if the ACF assertion that secondary beliefs are the easiest to 
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change is correct (Weible & Sabatier, 2009). This would mean that secondary beliefs also 
diffuse more easily through networks. Thus, systematically disentangling the relationship 
between different kinds of beliefs and social influence calls for future research.

Appendix: Correlation and regression tables

See Tables 3, 4, 5, and 6.

Table 3   Pearson correlations of variables used in the analyses

Indonesia 1 2 3 4 5 6

1 Change
2 Ratio of all alters 0.456
3 Ratio of same organization type 0.448 0.407
4 Ratio of governmental organizations 0.381 0.841 0.283
5 Ratio of central alters 0.391 0.935 0.314 0.923
6 Ratio of influential alters 0.385 0.929 0.300 0.917 0.992
7 Ratio of reciprocal alters 0.353 0.404 0.665 0.198 0.302 0.261
N 43 43 43 43 43 43

Vietnam 1 2 3 4 6 5

1 Change
2 Ratio of all alters 0.468
3 Ratio of same organization type 0.308 0.564
4 Ratio of governmental organizations 0.356 0.823 0.484
5 Ratio of central alters 0.484 0.906 0.642 0.706
6 Ratio of influential alters 0.496 0.879 0.372 0.742 0.897
7 Ratio of reciprocal alters 0.539 0.831 0.448 0.754 0.749 0.769
N 27 27 27 27 27 27

Brazil 1 2 3 4 6 5

1 Change
2 Ratio of all alters 0.208
3 Ratio of same organization type 0.265 0.626
4 Ratio of governmental organizations 0.108 0.877 0.627
5 Ratio of central alters 0.250 0.909 0.524 0.798
6 Ratio of influential alters 0.307 0.949 0.598 0.780 0.927
7 Ratio of reciprocal alters 0.083 0.577 0.063 0.439 0.561 0.535
N 27 27 27 27 27 27
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