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The impact of network topological
structures on systematic
technology adoption and carbon
emission reduction

Huayi Chen® & Huai-Long Shi?**

This paper investigates how the topological structure of the technological spillover network among
agents affects the adoption of a new clean technology and the reduction of system’s carbon emissions.
Through building a systematic technology adoption model with technological spillover effect among
agents from the network perspective, this paper first illustrates how the new technology diffuses from
the earlier adopters to the later adopters under different network topological structures. Further,

this paper examines how the carbon emission constraints imposed on pilot agents affect the carbon
emissions of other agents and the entire system under different network topological structures.
Simulation results of our study suggest that, (1) different topological structures of the technological
spillover network have great influence on the adoption and diffusion of a new advanced technology;
(2) imposing carbon emission constraints on pilot agents can reduce carbon emissions of other agents
and thereby the entire system. However, the effectiveness of the carbon emission constraints is

also largely determined by the network topological structures. Our study implies that the empirical
research of the network topological structure among the participating entities is a pre-requisite to
evaluate the real effectiveness of a carbon emission reduction policy from the system perspective.

Historical evidence and economic theory suggest that, advances in technological knowledge are the single most
important contributing factor to long-term productivity and economic growth'. Without technological change,
especially in energy technologies, it will be difficult to deal with the dynamics of climate change, and its impacts
on ecosystems and economic systems?>.

Generally speaking, there are two ways for an entity to achieve technological progress: the first way is to
enhance the technological innovation capabilities endogenously, and the second way is to acquire advanced
technology via the diffusion from other entities®. Most extant studies have focused on the internal drivers of the
technological change. For example, technological learning is acknowledged as an endogenous driving force of
technology adoption*. As for the externalities, such as the technological spillover effect, it has also gained its
popularity recently’”=®. Technological spillover effect across different entities constitutes an important mechanism
for a new technology’s adoption and diffusion globally. These spillovers happen in the format of, e.g., flows of
knowledge, goods or talents’.

The spillover among entities can be naturally captured by the network theory. Literature on spillover process
from the network perspective is abundant. The majority of these studies related to our research in this paper,
such as the technological spillover, knowledge spillover, or learning spillover, are empirical studies. They con-
duct investigations to identify the network structures and properties with real data. For example, the study
conducted by Barreto and Klaassen examines the possibility that technology learning accumulated in a given
region may spillover to other regions'’. Singh examines whether interpersonal networks help explain patterns
of knowledge diffusion using the data of patent citation to measure knowledge flows'. Fershtman and Gandal
construct a two-mode network and demonstrate that the structure of these networks is associated with project
success, which suggests the existence of direct and indirect project knowledge spillovers'?. Most recently, Wang
et al. examine main semiconductor companies’ network structures and channels of knowledge spillover with
patent bibliometrics and social network analysis'. Ji et al. combine the connectedness network framework and
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the ensemble empirical mode decomposition method to investigate the dynamic information spillovers among
the returns of crude oil, refinery product and natural gas'.

Existing studies that integrate complex networks with modeling and analyzing technology adoptions are
mostly from individual, household or firm levels. For example, Sykes et al. argue that an individual’s social net-
work characteristics can aid the understanding of new information system use and enhance the understanding
of technology use’®. Peng and Mu propose a framework to examine how social network dynamics affect online
technology adoption'®. Peng and Dey propose a dynamic view of technology adoption by considering network
centrality and closure and the content of potential information flows within a network'”. Zaffar et al. conduct a
series of experiments with agent-based modeling technique to identify strategically located firms that can influ-
ence the software diffusion process significantly in a network'®. In the field of energy technologies, Bale et al. build
a model based on network with dynamic nodes representing households who choose whether or not to adopt a
new energy technology'. They highlight the value of social networks in the models of energy decision-making
and policy interventions. Du et al. show the impact of interactions between individuals in social network to the
mass rollout of energy efficiency technologies®. Vega and Mandel propose a methodology to infer the network
structure of technology diffusion among countries from adoption data and apply it to wind energy technologies?'.
They also use the inferred network to characterize strategies in order to maximize the spread of new technologies.
Li et al. employ a complex network evolutionary game method to investigate the dynamics of policy impacts on
electrical vehicle diffusion in different scale networks®.

Given the above, our work contributes to the relevant literature from the following aspects: first, existing litera-
ture rarely explores technology adoption with multiple interacting decision agents from the system perspective.
Systematic technology adoption models are normally built for social planners. The purpose of these models is
commonly to meet a certain system objective while satisfying different system constraints®**-?. Studies on mod-
eling systematic technology adoption commonly assume one global decision maker, and ignore the existence of
multiple decision makers in the entire system who make decisions independently and also have interactions with
each other. Hence, this paper intends to investigate the systematic technology adoption through combining both
‘internal factors’ and ‘external factors, i.e., endogenous technological change and technological spillover effect
among multiple agents®®. Second, and more importantly, existing literature rarely explores the influence of the
technological spillover network structure among agents. When there are many agents exist in the entire system,
each one of them is “selfish” and only cares about optimizing the technology adoption strategies for a portion
of the entire system it represents. The technological spillover process among agents proceeds over a structure?,
which can be determined by the network topological properties. Different network topological structures provide
distinct channels for the later adopters to acquire the knowledge and experience of using a new technology from
the earlier adopters at different paces. As a consequence, the adoption of the new technology and the correspond-
ing carbon emissions in the entire system should also be determined by the network topological structures.

With the discussion above, here we present the research questions of this paper:

e  Will the technological spillover network topological structure affect the diffusion of an advanced clean
technology among the decision entities from the system perspective?

e Ifso, to what extent will the network topological structure affect the social planner’s evaluation of the effec-
tiveness of a carbon emission policy intervention?

To answer the above research questions, we first build a systematic technology adoption model with tech-
nological spillover effect among multi-agents. Second, by assuming one agent obtaining a technological lead,
we explore how the new technology is adopted by the follower agents and in the entire system upon distinct
topological structures of the technological spillover network among agents. Third, through imposing carbon
emission constraints on several pilot agents, we investigate how the policy intervention influences the carbon
emissions of other agents without carbon emission constraints and the cumulative carbon emissions in entire
system under different network topological structures.

Our work does not intend to identify the patterns or characteristics of the real-world technology adoption
networks. Instead, our work abstracts away any specific technology details. With a highly simplified systematic
technology adoption model and typical theoretical network topological structures, we provide a clear and intui-
tive understanding of the role network topological structure plays in the adoption of a new advanced technology
and the evaluation of the associated environmental impacts.

The rest of this paper is organized as follows. “Research methodology and theoretical background” section
introduces the methodology and theoretical background of our research, including the systematic technology
adoption model, the limited foresight decision scheme, and how the new technology spills from the earlier
adopters to the later adopters in the model. Section “Simulation” presents the simulation results to show how
the new technology diffuses from the leader to the followers under different network structures. In “Discus-
sion: how the network structure influences the effectiveness of a carbon emission policy intervention’, we run
the simulations to investigate how the carbon emission constraints imposed on pilot agents affect the carbon
emissions of other agents and thereby the entire system under different network structures. In “Conclusion and
policy implications”, we conclude this paper.

Research methodology and theoretical background

Modeling systematic technology adoption with the ‘moving window’ decision scheme.  Sup-
pose that there are 1000 nodes in the network, each node represents an agent in the entire system. The model for
each agent to optimize its own technology adoption strategies follows previous studies on modeling systematic
technology adoption®**-32. Suppose that in a highly simplified techno-economic system, it only provides one
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kind of resource (e.g. coal) and demands one kind of energy product (e.g. electricity). There are three types of
energy technologies that could convert the resource into the product, namely, (a) the existing technology (T1),
which is a very mature technology and has the lowest efficiency, lowest initial investment cost and the highest
carbon emission; (b) the incremental technology (T2), which has the higher efficiency, higher initial investment
cost and lower carbon emission than T1; (c) the revolutionary technology (T3), which is considered as the new
advanced technology and featured by the highest efficiency, highest initial investment cost and zero carbon
emission.

The model for each agent treats the technological change process as an endogenous process by assuming that
the initial investment costs of T2 and T3 decrease as the experience of using them accumulates. This technologi-
cal learning process can be described with the following Eq. (1)

CF! = CF) x (xif—l)’h",(z‘ =2,3) (1)

where, CF? denotes the initial unit investment cost for technology i. CF! denotes the unit investment cost for
technology i at time t. X;’ represents the cumulative production of technology i at time t. Here in the model, we
use the cumulative production to quantify the experience (knowledge) of using one technology. ¥;' is calculated
as the sum of the production using technology i at each previous time unit. 1 — 2~ denotes the learning rate
of technology i, which indicates the cost reduction percentage when the cumulative production of technology i
doubles. As the new advanced technology, T3 has a higher learning rate than T2. In addition, as a mature tech-
nology, T1’s investment cost remains a constant at each time .

The objective function for an agent is to minimize its accumulated total cost over its one decision-making
period. As shown in Eq. (2), the total cost is composed of three parts: the first part is the (discounted) total
investment cost of all three technologies, where, § represents the discount rate, y! represents the newly installed
capacity of technology i at time #; the second part is the (discounted) total resource extraction cost, where, Ck,
and R’ denote the unit resource extraction cost and the total resource consumption at time t, respectively; the
third part is the (discounted) total operation and maintenance cost, where, Cops; denotes the unit OM cost for
technology i, x! denotes the production using technology i at time ¢.

3T T 3T
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The objective function should subject to different constraints, as shown from Egs. (3) to (5):

3
D' <Y x,t=12,...,T) 3)
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x<Cht=12...,T) (i=123) 4)
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Inequation set (3) indicates that the total production of all three technologies must satisfy its demand at each
time t, where, D! denotes the annual demand at time ¢, which increases exogenously over time with a constant
growth rate. Inequation set (4) indicates that the production using technology i cannot go beyond its total
installed capacity at each time ¢ (as denoted by Cf ). Inequation set (5) are nonnegative constraints. For more
mathematical details about the model, please refer to the Supplementary Methods.

It is noted that traditional technology adoption optimization models always assume that decision makers
have perfect foresight for the future. However, in real life, decision makers need to make adaptive decisions based
on the evaluation of the current market. Therefore, in the model, we assume that each agent adopts the ‘moving
window’ limited foresight decision scheme®**>**, which means, each agent only optimizes its technology adop-
tion decisions within its foresight (i.e., length of the decision-making period). One decision-making period is
composed of several decision-making units (normally, a decision-making unit is 10 years). With the ‘moving win-
dow’ decision scheme, taking one agent’s foresight of 50 years as an example, in the very beginning, it will make
the first 50-years plan (e.g. from 2000 to 2050); however, after only one decision-making unit, it will adjust its
decisions based on current market state, and make the next 50-years plan (from 2010 to 2060). There’s an overlap
(of 40 years) between every two decision-making periods. In this way, the decision window (of 50 years) keeps
moving forward until all the decisions for the entire decision horizon (time span of the problem) are performed.

Topological structure of the technological spillover network. With the technological spillover
effect among agents, if one agent adopts the new advanced technology earlier than the other agents (due to, e.g.,
R&D expenditure), its experience of using this new technology could spill over to the other agents, and makes it
easier and cheaper for the other agents to adopt this new advanced and initially expensive technology. In view of
this, we consider the technological spillover among agents from the network perspective. Each node represents
an agent who makes technology adoption decisions with the aforementioned optimization model; each edge
represents a connection between two agents, which indicates that those two agents could exchange the knowl-
edge and experience of using the new advanced technology.

Assuming Agent k is connected with other n agents (Agent ji,j2, - - - ,jn), due to the technological spillover
among connecting agents, its total cumulative experience of using technology i at time ¢, X; ;, now equals to
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Agent k’s own cumulative experience X!, and the experience that other n agents spill over to it, as described in
the following equation:

n
=t ot =t
X=X +0 21 Xij (6)
o

where, 6 € [0, 1]is a spillover rate. A higher spillover rate indicates a lower technological barrier among agents.
Accordingly, the investment costs of T2 and T3 for Agent k are now calculated with the following Eq. (7).

— 1\ —bi
CF!) = CFY, x (xf,kl) . (i=2,3) )

From the perspective of complex network, how agents are connected with each other in the entire system, i.e.,
the topological structure of the network among agents, shapes the channels in which new technology’s experience
could spread from one agent to another. Previous researches rarely discuss this question in modeling systematic
technology adoption. They commonly assume that the knowledge/experience can spillover freely among all the
agents within the system, i.e., the topological structure of the network is assumed to be globally coupled®**!.
Another strand of literature regards the technological spillover from the spatial dimension and divides the regions
into core, rim and periphery areas. They point out that technology spread from the core (where a new technology
is invented) to the rim, and eventually to the periphery®**.

Simulation purpose and design.  With the above discussion, the novelty of this paper is that we employ
typical network topological structures, namely, the regular lattices (including the globally coupled network, the
nearest-neighbor coupled network, and the star coupled network), the random network (considering different
connecting probability), and the scale-free network, to explore how the technological spillover network struc-
ture affects the systematic technology adoption and carbon emissions.

As mentioned in the introduction, we aim to address two research questions. To this end, we conduct the
study with numerical simulations in proceeding sections. To answer the first question, we will run simulations
to investigate how the new advanced technology diffuses from the leader to the followers and how it is adopted
in the entire system under different technological spillover network structures. To answer the second question,
we will run simulations to investigate how the carbon emission constraints imposed on pilot agents influence the
carbon emissions of the other agents and the entire system when the topological structure of the technological
spillover network varies.

Simulation

In this section, we assume that there are 1000 nodes in the network (i.e., 1000 agents in the entire system). One
of the agents (let it be Agent 1) holds the technological lead in the new advanced technology, which means, it has
already possessed some knowledge and experience of T3. Naturally, Agent 1 will adopt T3 earlier than the other
agents and act as the leader in the network. Other 999 agents are thus the followers in the network. Each agent
makes technology adoption decisions with the optimization model introduced in the previous section, and each
agent also adopts the ‘moving window’ limited foresight decision scheme with the same foresight of 50 years,
which follows previous literature®. The decision horizon is 100 years. Other initial parameters for all the agents
are the same (as shown in Table S1 in the Supplementary Methods), except that for Agent 1, X3 = 50. The set-
tings of the parameters’ initial values also follow previous researches®. The simulation settings are deliberately
simplified so that we can observe more transparently how the new advanced technology diffuses from the leader
to the followers in the network with different topological structures. It should be noted that, in our model, each
technology essentially represents a cluster of related technologies with the infrastructure being in the center.
The diffusion of a cluster of new technology can span up to a century . It takes even a longer time to evaluate the
climate impact of a new technology. Therefore, we set the simulation time to 100 years.

Figure 1 shows how T3 is adopted by the leader (Agent 1) and the followers (other agents) individually in
the reference scenario when all the agents make decisions independently without exchanging any information
or knowledge with each other, i.e., there’s no technological spillover among agents. Since the leader holds the
technological lead in the new advanced technology T3, it adopts T3 around the year 2020, while the followers
adopt T3 around the year 2080 (when the share of T3 reaches 10%). How the new advanced technology T3 is
adopted in the entire system is also shown in Fig. 1. Due to the fact that the followers take up the overwhelming
majority number of all the agents, T3’s adoption in the entire system seems the same as the followers, which is
around the year 2080.

The no-spillover scenario can also be viewed as the investment failure scenario, since the followers cannot
acquire the knowledge of the new technology from the leader and continue to use the old technology until the
new technology becomes cost-effective for them. In the following simulations, we assume that the technological
spillover effect exists among the agents. We will investigate how T3 diffuses from the leader to the followers when
the technological spillover network is a regular lattice, a random network, or a scale-free network, respectively.

Regular lattices. Globally coupled network. In a globally coupled network, all nodes are connected with
each other, as illustrated in the left panel of Fig. 2, taking a network with 10 nodes as an example.

Since all the 1000 agents in the network are connected with each other, every follower agent acquires the
same information at each time ¢, and thus makes the same technology adoption decisions. Figure 3 shows how
T3 is adopted by the leader and the followers individually and in the entire system. Compared with the results
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Figure 1. Reference scenario in “Simulation” Lines in the figure represent how the shares of T3 change over
time for the leader and the followers individually (top panel), and in the entire system (bottom panel).
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Figure 2. Illustration of three typical regular lattices.
Individual agents
= 100 T T T L Lkl 4
A Leader af
"'_’ Followers )
5 50 e .
o 2~
5 -
£ -
w O P Ll A 1 L
2000 2020 2040 2060 2080 2100
Entire system
- 100 T T i M
s ——T3
™
'_
‘5 50 ]
2
@©
£
w O - 1 1
2000 2020 2040 2060 2080 2100
Year

Figure 3. Adoption of T3 in the globally coupled network. Lines in the figure represent how the shares of T3
change over time.
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Figure 4. Active agents and the number of active agents in the globally coupled network. Sub-figure (a)
presents active agents at different times, and sub-figure (b) plots the number of active agents at different times.
In sub-figure (a), the star-shaped node represents the leader, the black dot nodes represent the followers, and the
grey lines represent the edges that connect the agents.

in the reference scenario, T3 is adopted 30 years earlier by the followers and in the entire system in the globally
coupled network.

Figure 4 illustrates the agents in the network who adopt T3 at different times (as shown in Fig. 4a), agents
who do not adopt T3 are removed from the figures) and the number of agents that adopt T3 at different times
(as shown in Fig. 4b)). To make the description clearer, agents who adopt T3 at time ¢t are named active agents
at time . The leader is highlighted with a star-shaped node, while the followers are represented with dot nodes.
The edges among the nodes are shown with grey lines in the figures, which represent the connections among
agents. As we can observe in Fig. 4, in the early stage (2000-2010), no agent adopts T3; from the year 2020 to
2040, only the leader adopts T3; after the year 2050, all the followers start to adopt T3. This is because, in a glob-
ally coupled network, all the followers are connected to the leader and with each other. Therefore, they adopt
the new advanced technology at the same time.

Nearest-neighbor coupled network. In a nearest-neighbor coupled network, each node only connects with its K
neighbor nodes (K/2 neighbor nodes on each side), as illustrated in the middle panel of Fig. 2, taking 10 nodes
and K=4 as an example.

In our simulation, we let K=100, which means each agent connects with its 100 neighbor agents (50 neigh-
bor agents on each side). Figure 5 shows how T3 is adopted by each individual agent and in the entire system.
The followers adopt T3 gradually since they acquire the knowledge of the new advanced technology at different
times. The earliest and the latest adoption of T3 for the followers are around the years 2050 and 2080. There is
an adoption time lag of 30 years among the followers. In the entire system, T3 is adopted around the year 2060,
20 years earlier compared with the results in the reference scenario.
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Figure 5. Adoption of T3 in the nearest-neighbor coupled network. Lines in the figure represent how the shares
of T3 change over time.

Figure 6 illustrates the active agents at different times (as shown in Fig. 6a) and the number of active agents
that changes over time (as shown in Fig. 6b) in the nearest-neighbor coupled network. The star-shaped node
also represents the leader, and the dot nodes also represent the followers. As we can observe, in 2050, not many
followers adopt T3. After that, more and more followers start to adopt T3 and the number of active agents keeps
increasing. After the year 2080, T3 is adopted by all the agents. This is because, in a nearest-neighbor coupled
network, each agent connects with its neighbor nodes. Followers can only acquire the knowledge of T3 gradually
from its neighbors. As a result, the number of active agents also increases gradually.

Star coupled network. In a star coupled network, there is one node that occupies the center of the star and all
the other nodes only connect with the center node, as illustrated in the right panel of Fig. 2, taking 10 nodes as
an example.

In our simulation, Agent 1 has the technological lead, therefore, it is assumed intuitively to be the center
node, and all the followers connect with and only with it. As a matter of fact, since all the followers are identical
and only connect with the leader, they also acquire the same knowledge at each time t, and thereby make the
same technology adoption decisions as well. Figure 7 shows how T3 is adopted by the leader and the followers
individually and in the entire system. Compared with the results in the reference scenario, T3 is adopted 30 years
earlier by the followers and in the entire system.

Figure 8 illustrates the active agents at different times and the number of active agents that changes over time
in the star coupled network. From the year 2020 to 2040, only the leader adopts T3. After the year 2050, all the
followers start to adopt T3. This is because, in a star coupled network, the followers only connect to the leader
and can acquire the knowledge of T3 directly from the leader. Therefore, similar to the globally coupled scenario,
they adopt T3 quickly and at the same time.

Random networks. In this subsection, we will run simulations under the assumption that the technologi-
cal spillover network among all the 1000 agents is a random network. We follow the study conducted by Erdés
and Rényi to construct the ER random graph Gf,lfp, where each pair of nodes is assumed to be connected with
a probability p**. To capture its dynamics, we also assume that the static random networks among all the nodes
are different at different times.

According to the random graph theory, suppose that there are N nodes in a network, there is a critical prob-
ability p. = 1/N. Also, when p > In(N)/N, almost any graph in the ensemble G5, is totally connected***.
Therefore, in our research, we will run different simulations with the connecting probability p equals to 0.001,
0.01, and 0.1, respectively. We will explore how the new advanced technology diffuses in the randomly connected
networks in the following three scenarios: (a) when the connecting probability is comparatively low; (b) when
there exists a giant component in the network; and (c) when the random network is always connected.

Figure 9 shows how T3 is adopted by each individual agent (sub-figures (a), (b) and (c), in which the dashed
line represents the leader and the solid lines represent the followers) and in the entire system (sub-figure (d))
when the connecting probability p varies. When p = 0.001, the followers adopt T3 around the years 2060 to
2080. When p = 0.1, the followers generally adopt T3 earlier, around the years 2050 to 2060. In the entire system,
when p increases from the 0.001 to 0.1, the adoption of T3 is advanced from the year 2080 to the year 2060.

Figure 10 shows the active agents at different times (here we present the active agents in 2050 and 2070 as
illustrations) and how the number of active agents changes over time when p varies. Likewise, the star-shaped
node represents the leader, the black dot nodes represent the followers, and the grey lines represent the edges
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Figure 6. Active agents and the number of active agents in the nearest-neighbor coupled network. Sub-
figure (a) presents active agents at different times, and sub-figure (b) plots the number of active agents at
different times. In sub-figure (a), the star-shaped node represents the leader, the black dot nodes represent the
followers, and the grey lines represent the edges that connect the agents.

that connect the agents. As we can observe, when p = 0.001, in 2050, only the leader adopts T3; in 2070, only one
follower starts to adopt T3. When p = 0.01, in 2050, several followers adopt T3; in 2070, more followers adopt
T3. When p = 0.1, in 2050, about 90 followers start to adopt T3; in 2070, all followers adopt T3. Note that, in
the figure, there are independent dot nodes (without the connection to any other nodes). This is because, in our
simulation, the random network structure varies at each time t. Previous connected nodes may not be connected
currently, but they have already acquired the knowledge of T3 through previous connections. From Fig. 10b),
we can conclude that, the higher the connecting probability is, the faster the number of active agents increases,
that is, the earlier the followers adopt the new advanced technology T3.

In a word, as the connecting probability p increases, more and more followers tend to initiate their adop-
tion of the new advanced technology earlier. It is in accordance with our intuition that with a larger connecting
probability, more follower agents could be topologically connected with the leader agent, and they can benefit
from the technological spillover effect more straightforwardly.

BA scale-free network. In this subsection, we will run simulations under the assumption that the techno-
logical spillover network among all 1000 agents is a BA scale-free network. The ER random graph neglects two
most important features of the network in the real world: growth and preferential attachment™.

Following the approach proposed by Albert and Barabasi, we construct the scale-free network with the fol-
lowing rules’®:

(a) Initially, there exists a connected network with 1y nodes. We assume that there are my = 10 nodes con-
necting with each other randomly in the initial network, including the leader Agent 1. The remaining 990
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Figure 7. Adoption of T3 in the star coupled network. Lines in the figure represent how the shares of T3 change
over time.

nodes are pending to be added to the network. In each iteration, we add a new node with m edges that link
the new node to m present nodes in the system. m should be less than my, and we let m =5.

(b) When choosing the nodes to which the new node connects, the probability of the new node connecting
with a present node i in each iteration is computed with the following equation:

ki
pi= T (8)

where, k; is the degree of present node i, ) k; represents the sum of the degrees of all present nodes. Figure 11

shows the power-law degree distribution (J)f the BA scale-free network we constructed.

Figure 12 presents how T3 is adopted by individual agents and in the entire system. As we can observe, the
followers’ adoption time of T3 ranges from the year 2050 to the year 2080. In the entire system, T3 is adopted
around the year 2070, only 10 years earlier compared with what suggested in the reference scenario.

Figure 13 illustrates the active agents at different times and how the number of active agents changes over
time in a scale-free network. As we can see, from the year 2020 to 2040, only the leader adopts T3; from the year
2050 to 2070, more and more followers start to adopt T3; and after the year 2080, all the followers adopt T3. This
is because, in the scale-free network, most edges are connected to some nodes, i.e., a large number of agents are
connected to only some agents, while the other agents are only connected to few agents. Those followers that link
directly with the leader will adopt T3 earlier than the followers that are more distant from the leader.

With the discussion above, we can draw the conclusion that, the topological structure of the technological
spillover network among agents plays a crucial part in the adoption and diffusion of the new advanced technology
among agents and in the entire system. Some network topological structures favor the adoption and diffusion of
the new technology (e.g., the globally coupled network), while others may cause adoption time lags among the
follower agents (e.g., the random network and the scale-free network), and therefore delay the adoption of the
new technology in the entire system. The implication of our simulation is that, in the real world, the network
topological structure among decision entities might be complex. It is crucial for the social planner to take into
consideration of the network structure when evaluating the diffusion process of an innovation.

In the next section, we will discuss the implication of our research further. We will examine whether different
network topological structures influence the effectiveness of a carbon emission constraint policy.

Discussion: how the network structure influences the effectiveness of a carbon
emission policy intervention

In this section, we will investigate how the carbon emission constraints imposed on given nodes (pilot agents)
affect the carbon emissions of other agents and thereby the entire system under different topological structures
of the technological spillover network.

The carbon emission constraint policy requires as follows, among the 1000 agents in the network, 10 of them
are chosen as pilot agents and imposed with carbon emission constraints (those 10 agents are chosen randomly).
It doesn’t matter what specific type of carbon emission constraints they are facing (it could be carbon taxes, or
carbon trades, etc.), the carbon emission constraints only require that for every pilot agent, by the target year
2050, its yearly carbon emission must decline to a lower level than that in its base year 2000, on the premise that
annual production must meet the growing annual demand. The carbon emission coefficients for the unit produc-
tion of T1 and T2 are 0.8 and 0.64, respectively, which also follows previous works®. As for the new advanced

Scientific Reports |

(2021) 11:20380 |

https://doi.org/10.1038/s41598-021-99835-3 nature portfolio



www.nature.com/scientificreports/

Active agents (2020-2040) Active agents (2050-2100)

* Leader

(a)

1000 T T L ¥ ¥ ¥ ¥

800 - 1

600 - 1

400 1

200 - 1

Number of active agents

e —* : .
2000 2020 2040 2060 2080 2100

Year

(b)

Figure 8. Active agents and the number of active agents in the star coupled network. Sub-figure (a)

presents active agents at different times, and sub-figure (b) plots the number of active agents at different times.
In sub-figure (a), the star-shaped node represents the leader, the black dot nodes represent the followers, and the
grey lines represent the edges that connect the agents.

technology T3, it is assumed to be a zero-emission clean technology. Other settings for all the agents are exactly
the same and also as shown in Table S1 in the Supplementary Methods. Each agent also makes technology adop-
tion decisions with the optimization model introduced in “Research methodology and theoretical background”.
In addition, the nearest-neighbor coupled network and the scale-free network are constructed according to the
same rules as introduced in “Simulation”; for the star coupled network, we also assume a pilot agent occupies the
center of the star; the random network is constructed with the connecting probability p = 0.01.

Figure 14 shows the total yearly carbon emissions for all pilot agents (agents with emission constraints) and
the total yearly carbon emissions for all the other agents (agents without emission constraints) under different
network topological structures. The results when there’s no technological spillover among agents are also shown
in the figures for comparison. As we can observe, if there’s no technological spillover among agents, the total
yearly carbon emissions of other agents peak around the year 2070 and reach at a comparatively higher level.
When there is technological spillover among agent, under different network topological structures, the total
yearly carbon emissions of other agents generally decrease, but to different extents. In the target year 2050, the
lowest total yearly carbon emission for other agents occurs in the globally coupled network. In the random net-
work and the scale-free network, the total yearly carbon emissions for other agents are about 1.36 times that in the
globally coupled network. As for the pilot agents, different network topological structures have little influence on
their total yearly carbon emissions. In the target year 2050, as required by the policy intervention, the total yearly
carbon emissions for all pilot agents under different network topological structures decrease to lower levels than
those in their base year 2000. Specifically, in the globally coupled network, the total yearly carbon emission for
all pilot agents even decreases to zero in the target year. The results are due to the following reasons: for the pilot
agents, since they are restricted by the carbon emissions constraints, they have to accelerate their transition to
the new clean technology to lower their emissions. For the other agents, with the technological spillover effect,
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Figure 9. Adoption of T3 with different connecting probabilities. Lines in the figure represent how the shares of
T3 change over time.

they can generally acquire the knowledge of T3 earlier and adopt T3 earlier, however, to different extents, due to
various connecting formats under various network structures. This suggests that, carbon emission constraints
on pilot agents can not only reduce the carbon emissions of pilot agents, due to the technological spillover effect,
they also have impacts on other agents in the system, even though they do not face carbon emission constraints.
However, the degrees of the impacts are different under various network topological structures.

Figure 15 shows the adoptions of T3 and the cumulative carbon emissions in the entire system under different
network topological structures. Generally speaking, the years T3 appear in the entire system vary largely under
different network topological structures, and so do the cumulative carbon emissions over the 100 years decision
horizon. In the globally coupled network, T3 is adopted in the entire system around the year 2050, whereas in
the random network or in the scale-free network, T3 is adopted in the entire system around the year 2070, very
similar to the situation when there’s no spillover among agents. Consequently, the cumulative carbon emissions
over the decision horizon in the random network and the scale-free network are about 2.68 and 2.74 times the
value in the globally coupled network. The spread between the highest cumulative carbon emission (in the scale-
free network) and the lowest cumulative carbon emission (in the globally coupled network) is1.09 x 10° tC.

Next, we will do sensitivity analyses on the following factors to examine how these important factors in our
simulation influence the results in our research.

(a) Learning rate of the new technology. A higher learning rate indicates a greater cost reduction potential for
T3, and thus leads to the earlier adoption of T3. Simulation results are shown in Fig. 16. As we can observe,
generally speaking, as the learning rate increases, the cumulative carbon emissions in all network topologi-
cal structure situations decreases. When the learning rate decreases from the baseline (30%) to 27% or
increases to 33%, over the 100 years, the spread between the highest cumulative carbon emission (which
is in the scale-free network) and the lowest cumulative carbon emission (which is in the globally coupled
network) is 1.48 x 10°tC and 6.37 x 10° tC, respectively. Compared with the results when the learning rate
equals to the baseline (30%, as shown in Fig. 15b), we can conclude that, a higher learning rate leads to a
smaller spread between the highest and the lowest cumulative carbon emissions under different network
topological structures.
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Figure 10. Active agents and the number of active agents in the random networks. Sub-figure (a)

presents active agents at different times, and sub-figure (b) plots the number of active agents at different times.
In sub-figure (a), the star-shaped node represents the leader, the black dot nodes represent the followers, and the
grey lines represent the edges that connect the agents.
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Figure 11. The power-law degree distribution of the constructed scale-free network.

(b) The number of pilot agents. More pilot agents provide the system with more earlier adopters of the new
advanced technology, which favors the diffusion of the new technology among agents. Simulation results
are shown in Fig. 17. Compared with what suggested in Fig. 15b), when there are only 10 pilot agents in
the entire system, we can see that a larger number of pilot agents leads to the lower cumulative carbon
emissions in all network structure situations. When there are 100 or 500 pilot agents in the entire system,
likewise, the lowest cumulative carbon emission over the decision horizon happens in the globally coupled
network and the highest cumulative carbon emission happens in the scale-free network, and the spreads are
8.32 x 10°tC and 4.86 x 10° tC, respectively. It indicates that a larger number of pilot agents contributes
to a lower spread in the cumulative carbon emissions when the network structure varies.

(c) The technological spillover rate. A comparatively larger value of the technological spillover rate indicates
a lower technological barrier between the new technology’s earlier adopters and later adopters. Simula-
tion results are shown in Fig. 18. As we can observe, when the technological spillover rate increases, the
cumulative carbon emissions in all network topological structure situations decreases in general. When
the spillover rate equals to 0.1 or 0.5, the lowest cumulative carbon emission also happens in the glob-
ally coupled network, but the highest cumulative carbon emission happens in the random network. The
spreads between them over the 100 years are 7.60 x 10° tC and 4.02 x 10° tC, respectively. Together with
the results suggested in Fig. 15b), we can conclude that, a larger spillover rate leads to a smaller spread of
the cumulative carbon emissions under different network topological structures.

(d) The target year of the carbon emission constraints. An earlier target year indicates a more stringent carbon
emission constraint for pilot agents, which requires them to complete the transition to the advanced clean
technology earlier. Simulation results are shown in Fig. 19. As the target year postpones, the cumulative
carbon emissions in all network topological structure situations increase on the whole. Similarly, the lowest
cumulative carbon emission over the decision horizon happens in the globally coupled network. However,
the highest cumulative carbon emissions over the decision horizon happen in the scale-free network when
the target year advances to 2030 and in the random network when the target year postpones to 2070. The
spreads between the highest and the lowest cumulative carbon emissions when the target year is 2030 and
2070 are 9.60 x 10° tC and 1.02 x 10° tC, respectively. Compared with the results in Fig. 15b) (when the
target year is 2050), we can see that, the spread of the cumulative carbon emissions under different network
structures changes within a small range when the target year of the carbon emission constraints changes.

The simulation results in “Discussion: how the network structure influences the effectiveness of a carbon
emission policy intervention” imply that, although the real effectiveness of a carbon reduction policy intervention
is largely determined by the network topological structure among the decision entities, there are several methods
that could reduce the evaluation bias. For instance, set more pilot agents, or lower the technological barrier.

From Fig. 1 to Fig. 19, we can draw the following conclusions:

First, with different topological structures of the technological spillover network among agents, the later
adopters commonly adopt T3 at different paces since they can only acquire new technology’s knowledge and
experience from the earlier adopters through the channels determined by the network topological structures.
As aresult, T3’s adoption and diffusion in the entire system is also largely influenced by the network topological
structures.

Second, the carbon emission constraints imposed on pilot agents can accelerate their adoption of the zero-
emission new advanced technology. Due to technological spillover effect, other agents in the network could ben-
efit from their knowledge and experience earlier. In this way, the carbon emissions of other agents in the system
can also be reduced. Nonetheless, as we discussed before, the cumulative carbon emission reductions in the entire
system due to the policy intervention are also at different levels under different network topological structures.

Third, the globally coupled network seems to be the most “optimistic” scenario, in which T3 is always adopted
earliest and the cumulative carbon emission over the decision horizon is the lowest. When the technological
spillover network is in the format of other topological structures, the cumulative carbon emissions of the entire
system may not reduce as much as the globally coupled network shows, i.e., the policy intervention may not
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Figure 12. Adoption of T3 in the scale-free network. Lines in the figure represent how the shares of T3 change
over time.

work as well as the most “optimistic” situation suggests. According to our simulation results, several factors
could contribute to a smaller spread in the reduction of cumulative carbon emissions under different network
topological structures, including a higher learning rate of the new advanced technology, a larger number of pilot
agents, and a larger spillover rate.

Conclusion and policy implications

This paper develops a systematic technology adoption model with technological spillover among agents from
the network perspective. To investigate the role that topological structure of the technological spillover network
plays, this paper first illustrates how the new technology diffuses from the leader agent to the follower agents,
and how the new technology is adopted by individual agents and in the entire system under different network
topological structures. Further, to illustrate the implication of our research, this paper examines how the carbon
emission constraints imposed on pilot agents affect the carbon emissions of other agents and the entire system
under different network topological structures.

Simulation results of our study suggest that, first, network topological structure has great influence on the
agents” decisions of adopting the new advanced technology. As a result, it also determines the new advanced
technology’s development in the entire system largely; second, due to the technological spillover effect, carbon
emission constraints imposed on pilot agents can also reduce the carbon emissions of other agents in the sys-
tem. The carbon emission constraint policy seems to be most effective in the globally coupled network, since
compared with other networks of different structures, its cumulative carbon emission in the entire system over
the decision horizon is the lowest. Nonetheless, in the random network or in the scale-free network, the policy
intervention may not function as effectively as the globally coupled network suggests. There’s always a spread
between the highest cumulative carbon emission and the lowest cumulative carbon emission under different
network topological structures. Our simulation results suggest that, several factors can contribute to reducing
the spread, including a higher learning rate of the new advanced technology, a larger number of pilot agents,
and a larger spillover rate.

Our simulations do not intend to find out which network topological structure has the most merits; instead,
the purpose of our work is to bring cautions to social planners that different network topological structures
affect the adoption and diffusion of a new advanced technology greatly, and also have large influence on the
effectiveness of a carbon emission policy intervention. Therefore, the policy implication of our research is that,
to evaluate the real effectiveness of a carbon emission reduction policy from the system level, the determination
of the network topological structure among all the participating entities with real world data is a pre-requisite.
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Figure 13. Active agents and the number of active agents in the scale-free network. Sub-figure (a)

presents active agents at different times, and sub-figure (b) plots the number of active agents at different times.
In sub-figure (a), the star-shaped node represents the leader, the black dot nodes represent the followers, and the
grey lines represent the edges that connect the agents.
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Figure 16. Sensitivity analysis on the learning rate. Sub-figure (a) presents the results when learning rate=27%,
and sub-figure (b) presents the results when learning rate =33%.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

Wang, C.-C., Sung, H.-Y., Chen, D.-Z. & Huang, M.-H. Strong ties and weak ties of the knowledge spillover network in the semi-
conductor industry. Tech. Forcast. Soc. Chang. 118, 114-127. https://doi.org/10.1016/j.techfore.2017.02.011 (2017).

Ji, Q. Geng, J.-B. & Tiwari, A. K. Information spillovers and connectedness networks in the oil and gas markets. Energy Econ. 75,
71-84. https://doi.org/10.1016/j.eneco.2018.08.013 (2018).

Sykes, T. A., Venkatesh, V. & Gosain, S. Model of acceptance with peer support: A social network perspective to understand
employees’ system use. MIS Q. https://doi.org/10.2307/20650296 (2009).

Peng, G. & Mu, J. Technology adoption in online social networks. J. Prod. Innov. Manag. 28, 133-145. https://doi.org/10.1111/j.
1540-5885,2011.00866.x (2011).

Peng, G. & Dey, D. Research note—a dynamic view of the impact of network structure on technology adoption: The case of OSS
development. Inf. Syst. Res. 24, 1087-1099. https://doi.org/10.1287/isre.2013.0494 (2013).

Zaffar, M. A., Kumar, R. L. & Zhao, K. Impact of interorganizational relationships on technology diffusion: An agent-based simula-
tion modeling approach. IEEE Trans. Eng. Manag. 61, 68-79. https://doi.org/10.1109/TEM.2013.2259495 (2013).

Bale, C. S., McCullen, N. J., Foxon, T. J., Rucklidge, A. M. & Gale, W. F. Harnessing social networks for promoting adoption of
energy technologies in the domestic sector. Energy Policy 63, 833-844. https://doi.org/10.1016/j.enpol.2013.09.033 (2013).

Du, E et al. Modelling the impact of social network on energy savings. Appl. Energy 178, 56-65. https://doi.org/10.1016/j.apene
1gy.2016.06.014 (2016).

Vega, S. H. & Mandel, A. Technology diffusion and climate policy: A network approach and its application to wind energy. Ecol.
Econ. 145, 461-471. https://doi.org/10.1016/j.ecolecon.2017.11.023 (2018).

Li, J., Jiao, J. & Tang, Y. An evolutionary analysis on the effect of government policies on electric vehicle diffusion in complex
network. Energy Policy 129, 1-12. https://doi.org/10.1016/j.enpol.2019.01.070 (2019).

Messner, S. & Strubegger, M. The energy model MESSAGE III (Konferenzen des Forschungszentrums Juelich, 1994).

Seebregts, A. J., Goldstein, G. A. & Smekens, K. Energy/environmental modeling with the MARKAL family of models. Oper. Res.
Proc. https://doi.org/10.1007/978-3-642-50282-8_10(Springer (2002).

Johnson, N. et al. A reduced-form approach for representing the impacts of wind and solar PV deployment on the structure and
operation of the electricity system. Energ. Econ. 64, 651-664. https://doi.org/10.1016/j.eneco.2016.07.010 (2017).

Luiten, E. & Blok, K. The success of a simple network in developing an innovative energy-efficient technology. Energy 28, 361-391.
https://doi.org/10.1016/S0360-5442(02)00115-9 (2003).

Konno, T. Knowledge spillover processes as complex networks. Physica A 462, 1207-1214. https://doi.org/10.1016/j.physa.2016.
06.124Getrightsandcontent (2016).

Griibler, A. & Gritsevskyi, A. A Model of Endogenous Technological Change Through Uncertain Returns on Learning (RéD and
Investments) (1997).

Ma, T. Coping with uncertainties in technological learning. Manag. Sci. 56, 192-201. https://doi.org/10.1287/mnsc.1090.1098
(2010).

Chen, H. & Ma, T. Technology adoption with limited foresight and uncertain technological learning. Eur. J. Oper. Res. 239, 266-275.
https://doi.org/10.1016/j.ejor.2014.03.031 (2014).

Chen, H. & Ma, T. Optimizing systematic technology adoption with heterogeneous agents. Eur. J. Oper. Res. 257, 287-296. https://
doi.org/10.1016/j.¢j0r.2016.07.007 (2017).

Scientific Reports |

(2021) 11:20380 | https://doi.org/10.1038/s41598-021-99835-3 nature portfolio


https://doi.org/10.1016/j.techfore.2017.02.011
https://doi.org/10.1016/j.eneco.2018.08.013
https://doi.org/10.2307/20650296
https://doi.org/10.1111/j.1540-5885,2011.00866.x
https://doi.org/10.1111/j.1540-5885,2011.00866.x
https://doi.org/10.1287/isre.2013.0494
https://doi.org/10.1109/TEM.2013.2259495
https://doi.org/10.1016/j.enpol.2013.09.033
https://doi.org/10.1016/j.apenergy.2016.06.014
https://doi.org/10.1016/j.apenergy.2016.06.014
https://doi.org/10.1016/j.ecolecon.2017.11.023
https://doi.org/10.1016/j.enpol.2019.01.070
https://doi.org/10.1007/978-3-642-50282-8_10(Springer
https://doi.org/10.1016/j.eneco.2016.07.010
https://doi.org/10.1016/S0360-5442(02)00115-9
https://doi.org/10.1016/j.physa.2016.06.124Getrightsandcontent
https://doi.org/10.1016/j.physa.2016.06.124Getrightsandcontent
https://doi.org/10.1287/mnsc.1090.1098
https://doi.org/10.1016/j.ejor.2014.03.031
https://doi.org/10.1016/j.ejor.2016.07.007
https://doi.org/10.1016/j.ejor.2016.07.007

www.nature.com/scientificreports/

Carbon emission (tC)

Carbon emission (tC)

%108 Cumulative carbon emissions (100 pilot agents)

No spillover
= = =Globally coupled network

= = = Nearest-neighbor coupled network
1.5F |- % =star coupled network
—6—Random network
—6— Scale-free network

0.5

O L L L L
2000 2020 2040 2060 2080 2100

Year

(a)

o X 10%Cumulative carbon emissions (500 pilot agents)

No spillover
= = =Globally coupled network

- = = Nearest-neighbor coupled network
1.5 |- # = Star coupled network 1
—©—Random network
+ Scale-free network

0 1 1 1 1
2000 2020 2040 2060 2080 2100
Year

(b)
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Figure 18. Sensitivity analysis on the spillover rate. Sub-figure (a) presents the results when the spillover
rate=0.1, and sub-figure (b) presents the results when the spillover rate=0.5.
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