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Abstract

This paper investigates how social network and conformity dynamics shape the
stability of inflation expectations and the dissemination of economic narratives.
Using an agent-based macroeconomic simulation, I integrate a heuristic switch-
ing framework with an opinion dynamics mechanism to examine the impact of
targeted narrative dissemination by highly central agents on expectation dis-
persion. The computational experiments reveal that when influential network
actors transmit the central bank’s inflation narrative, both inflation rate disper-
sion and the dispersion of expectations are substantially reduced. Conversely,
when distorting narratives spread through these key nodes, it requires very high
persuasion levels to significantly amplify instability. Moreover, impulse response
analyses show that stronger social influence accelerates convergence toward ratio-
nal expectations following shocks, thereby mitigating both the magnitude and
persistence of deviations. However, heightened persuasion can also weaken the
link between expectations and underlying fundamentals, as agents increasingly
align with dominant narratives rather than economic signals. Overall, these
findings underscore the dual role of social networks in monetary policy commu-
nication, capable of both anchoring expectations and amplifying destabilising
narratives.
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Macroeconomics, Agent-Based Modeling, Monetary Policy Communication
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”A man is always a teller of tales, he lives surrounded by his stories and the stories of
others, he sees everything that happens to him through them; and he tries to live his life as

if he were recounting it.”
- Jean-Paul Sartre (2000), quoted in Robert J. Shiller (2020) “Narrative

Economics: How Stories Go Viral and Drive Major Economic Events”



1 Introduction

Social network platforms have revolutionized the way information is shared and pro-
cessed (Luarn et al. 2014; Bailey et al. 2018). The underlying networks represent
the structure of social interactions and relationships and act as a critical conduit
for transmitting economic information and narratives (Macaulay and Song 2023a,b).
In this context, narratives are defined as coherent, contextually embedded stories
that provide meaning to social phenomena. They influence individual and collec-
tive decision-making, shape expectations about the future, and drive macroeconomic
behaviors (Akerlof and Shiller 2010; Beckert 2013, 2016; Tuckett and Tuckett 2011).
Consequently, narratives emerging from social networks offer valuable insights into
mechanisms such as inflation expectations and market dynamics, aligning with the
broader literature on the role of narratives in economics (Shiller 2017; Flynn and
Sastry 2024; Andre et al. 2024; Collier and Tuckett 2021; Roos and Reccius 2024).

In macroeconomics, such narratives transform abstract data into relatable and
actionable insights by framing complex economic information (Shiller 2017, 2020).
By simplifying complex economic information, narratives effectively influence public
sentiment and market reactions (Roos and Reccius 2024). They also shape individuals’
perceptions of inflation risks, interpretations of market signals, and adjustments to
their economic behaviours (Akerlof and Snower 2016). Thus, narratives play a key
role in how expectations spread through social networks, interacting dynamically with
network structures and agent behaviour. Central banks leverage these narratives to
shape inflation expectations and guide macroeconomic responses in ways similar to
traditional monetary policy communication (Ter Ellen et al. 2022). By influencing
household spending and inflation expectations, effective communication can further
impact price momentum and market outcomes (see e.g., Baumann et al. 2021b; Coibion
et al. 2020a,b, 2022). Moreover, empirical studies reveal evidence of narrative hysteresis
— even transient shocks can trigger self-sustaining shifts in inflation expectations that
persist over time, indicating that once a narrative goes viral, its impact on public
sentiment and economic behavior may remain entrenched long after the initial trigger
has faded (Flynn and Sastry 2025).

Previous research has extensively explored the relationship between first-order
expectations (an agent’s expectations) and higher-order expectations (expectations
about others’ expectations) (e.g. Coibion et al. 2021), as well as the role of heteroge-
neous expectations in economic models (Hommes 2013).! Models such as the heuristic
switching framework focus on agents’ perceptions of heuristic success in predicting
outcomes but often place less emphasis on interaction effects or communication within
networks (Lustenhouwer 2021; Proafio and Lojak 2020; Hommes and Lustenhouwer
2019a,b). Contributions from eco-physics have further examined opinion dynamics in
social networks, including polarized opinions (Baumann et al. 2021a) and network
effects on extremist opinion formation (Azzimonti and Fernandes 2023; Martins 2008).
Although earlier studies often overlooked the complex interactions and communication
dynamics significantly influencing expectation formation, particularly in agent-based
models, more recent work has started to address these (Rengs and Scholz-Wickerle

1For a comprehensive overview of state-of-the-art theories and modeling approaches, reference is made
to Hommes (2013)



2019; Rengs et al. 2020; Dosi et al. 2010, 2009; Fagiolo and Roventini 2017). This
highlights the need to further explore how network interactions shape expectation
formation and their implications for monetary policy.

This study addresses these gaps by examining how network dynamics amplify nar-
ratives and their impact on the stability of macroeconomic expectations at individual
and systemic levels. The objective is to enhance central bank communication strate-
gies and provide a robust foundation for future empirical validation. To achieve this,
this paper develops of a hybrid agent-based macroeconomic model that simultaneously
captures individual bounded rationality - via a traditional heuristic switching frame-
work Brock and Hommes (1997, 1998) - and network-driven belief updating through a
DeGroot-type social learning mechanism Degroot (1974). Building on the behavioral
New Keynesian framework established by De Grauwe (2011); De Grauwe and Ji (2020,
2023) and insights from prior experimental studies (Hommes 2011, 2013, 2021; Bao
et al. 2021), the paper investigates the research question: “How do social networks
shape the stability of macroeconomic expectations at both individual and systemic
levels?”. Unlike other hybrid approaches (e.g. Proafio and Lojak 2020; Anufriev et al.
2013; Arifovic et al. 2013; Assenza and Gatti 2013; Assenza and Delli Gatti 2019;
Lengnick and Wohltmann 2016; Hommes and Lustenhouwer 2019a,b) that merge
macroeconomic frameworks with agent-based techniques while focusing primarily on
agent heterogeneity or market frictions, not accounting for social interactions at a
spatial level, this approach extends the hybrid tradition by explicitly embedding net-
work structures into expectation formation. This integrated approach allows for a
novel analysis of how the dissemination of economic narratives through social networks
influences macroeconomic expectations and systemic stability.

The findings indicate that strategically targeting central agents within social net-
works to disseminate the central bank’s inflation narrative significantly enhances
monetary policy effectiveness by reducing inflation variability and anchoring expecta-
tions. Conversely, when competing or distorting narratives spread through influential
nodes, exceptionally high levels of persuasion are necessary to substantially amplify
instability, resulting in heightened inflation volatility and an increased risk of de-
anchoring expectations. The simulations also consistently demonstrate that the
(de-)stabilizing effects resulting from the dissemination of targeted or naive narratives
persist even when the intervention is directed solely at agents with lower centrality.
Additionally, the analysis reveals that network structure critically influences these
dynamics - with different topologies exhibiting distinct patterns in the propagation
of narratives and the resulting aggregate outcomes. Interestingly, impulse response
analyses show that stronger social influence accelerates convergence towards ratio-
nal expectations following shocks, reducing both the magnitude and persistence of
deviations.

This paper is organized as follows: Section 2 reviews the literature on social net-
works, economic narratives, and expectation formation. Section 3 details the integrated
agent-based model combining heuristic switching and social learning in a behavioral
New Keynesian framework. Section 4 presents computational results on network effects
on inflation expectations and policy effectiveness. Section 5 discusses the findings and
the study’s contributions. Section 6 concludes with policy implications.



2 Literature Review

This paper relates to four strands of the literature: First, it is primarily situated
within the context of existing research on bounded rationality, social learning, and
expectations. A significant part of the theoretical literature has focused on formal-
izing alternative approaches to the rational expectations assumption, describing the
decision-making process of heterogeneous agents under bounded rationality. These
approaches often assume that agents cannot comprehend the complexity of the under-
lying model, following the ideas of Simon (1957) and Selten (1998). Specifically, agents
are believed to have cognitive limitations that prevent them from processing complex
information and developing rational expectations. Empirical evidence from laboratory
experiments and survey data supports these cognitive constraints (Branch 2004; Car-
roll 2003; Hommes 2011; Pfajfar and Zakelj 2014). Instead, people use heuristics when
making decisions under uncertainty (Gigerenzer and Selten 2002; Luan et al. 2019).
The heuristic switching framework used in this study is a popular method for incor-
porating bounded rationality in macroeconomic models, assuming that agents update
their forecasts based on past mistakes (Brock and Hommes 1997, 1998; Branch and
McGough 2010). This framework employs a discrete choice model, allowing agents
to switch between different expectation heuristics based on their historical predic-
tive accuracy (McFadden 1974; Manski and McFadden 1981). Similar approaches that
merge macroeconomic frameworks with agent-based techniques are frequently used in
business cycle models to incorporate heterogeneous expectations (see e.g. De Grauwe
2011; De Grauwe and Ji 2019, 2020, 2023; De Grauwe and Foresti 2020; Hommes 2013;
Hommes et al. 2017; Proano and Lojak 2020; Hommes and Lustenhouwer 2019a,b;
Galanis et al. 2022), to study the efficiency of micro- and macroprudential measures
(e.g. Assenza et al. 2018; Lengnick and Wohltmann 2016), or to analyze the impact of
bounded rationality on monetary policy in empirically enriched New Keynesian mod-
els (e.g. De Grauwe and Foresti 2023; Gabaix 2020; Jang and Sacht 2022). Anufriev
and Hommes (2012) highlighted that applying the heuristic switching framework in
macroeconomic models can successfully replicate empirical data obtained in labora-
tory environments. Multiple other studies and laboratory experiments corroborate this
notion, indicating that the expectation formation of economic agents can be modeled
as an alternation of simple, heterogeneous forecasting heuristics (Assenza et al. 2014;
Pfajfar and Zakelj 2014, 2018).

Second, this paper is situated within the context of Agent-Based Macroeconomics.
Earlier macro agent-based models tended to rely on self-referential decision-making
and abstract from spatial or networked structures (Dawid and Delli Gatti 2018; Stein-
bacher et al. 2014; Farmer and Foley 2009). However, a significant portion of more
recent macro ABM research specifically addresses these limitations by incorporating
detailed local interactions among agents. For instance, Rengs et al. (2020); Rengs and
Scholz-Wickerle (2019) underscore the critical role of localized interactions in driving
macroeconomic dynamics by demonstrating how signaling effects (e.g., bandwagon,
Veblen, and snob behaviors) and the co-evolutionary processes between consumption
patterns and firm specialization influence innovation diffusion, income distribution,
and economic stability. Similarly, evolutionary multi-agent frameworks developed by
Dosi et al. (2010, 2009) illustrate that heterogeneous behaviors, adaptive learning, and



firm-level innovation can collectively give rise to emergent business cycles and growth
patterns, thereby highlighting the relevance of spatial and network effects for aggregate
outcomes. In contrast, there exists another strand of the literature - particularly in
the study of financial markets and credit contagion - that leverages network structures
explicitly to capture localized interactions, information cascades, and belief contagion
(Panchenko et al. 2013; Han and Yang 2013; Khashanah and Alsulaiman 2016, 2017;
Hatcher and Hellmann 2023; Bertella et al. 2021; Huang et al. 2023; Makarewicz 2017;
Benhammada et al. 2021; Tori and Mantegna 2018; Oldham 2019; Biondi and Zhou
2019; Clemente et al. 2020). Indeed, earlier calls by Lux and Westerhoff (2009) and
Farmer and Foley (2009) emphasized that ABMs can better capture the interplay of
micro-level herding, belief contagion, and market fluctuations; insights that remain
central to financial agent-based modeling. This paper contributes to the literature
on Agent-Based Macroeconomics by extending the frameworks of De Grauwe (2011);
De Grauwe and Ji (2020, 2023); Hommes and Lustenhouwer (2019a,b) through the
explicit incorporation of network dynamics into expectation formation. Rather than
neglecting local interactions, the proposed model embeds agents in various network
structures and allows them to switch between different forecasting heuristics based on
a discrete choice mechanism (Manski and McFadden 1981), thereby integrating the
heuristic switching model (Brock and Hommes 1997, 1998) with the opinion dynamics
framework of Degroot (1974). In doing so, the model updates agents’ beliefs using a
convex combination of the heuristic switching probability distribution and DeGroot’s
update rule, capturing both the agents’ perception of the true state of the world and
the influences of their network neighbors’ forecasting choices. This approach more
accurately reflects the interplay between individual belief formation and social influ-
ence than models that abstract from network structures, and it can be empirically
validated using data from experimental studies and real-world observations (Hommes
2011, 2013, 2021; Bao et al. 2021).

Third, this paper relates to the broader literature on the role of social networks
in disseminating information and the importance of narratives in shaping economic
expectations (e.g., Bailey et al. 2018; Flynn and Sastry 2024; Andre et al. 2024;
Gorodnichenko et al. 2021; Bargigli and Tedeschi 2014). These stories often spread
virally within social networks, amplifying their impact (Shiller 2017; Beckert 2013,
2016; Tuckett and Nikolic 2017). Roos and Reccius (2024) emphasize the performative
nature of narratives, showing how they guide agents’ expectations and actions under
uncertainty, a notion supported by Tuckett and Tuckett (2011) and MacKenzie (2008),
who explore the self-fulfilling power of emotionally charged and model-driven sto-
ries. Central banks also leverage narratives to anchor inflation expectations and shape
public sentiment, using them to frame policy objectives in relatable terms (Shiller
2020; Roos and Reccius 2024; MacKenzie 2008). Empirical studies further demon-
strate how narratives propagate expectations through social networks by interacting
with network structures to amplify or temper beliefs (Aral and Walker 2012; Tuckett
and Taffler 2012). While heuristic-switching models account for some narrative-driven
adaptation, they often overlook the explicit mechanisms by which narratives, rooted in
"imagined futures” (Beckert and Bronk 2018), shape macroeconomic outcomes (e.g.,
Hommes 2013; Hommes and Lustenhouwer 2019a). This calls for deeper integration



of performative and narrative elements into macroeconomic theory. Recent studies on
inflation rates have leveraged social network data to explore policy communication
effects (Lamla and Vinogradov 2021), narrative monetary policy surprises (Ter Ellen
et al. 2022), and the role of narratives in economics (Macaulay and Song 2023a). Tools
such as text-based probability models have been employed to track inflation narra-
tive dynamics and media sentiment (e.g., Miiller et al. 2022; Angelico et al. 2022). For
instance, Larsen et al. (2021) found that media significantly influence inflation expec-
tations and information rigidities, while Beckers et al. (2017) showed that linguistic
sentiment algorithms improve inflation forecasting precision. Similarly, Sharpe et al.
(2023) demonstrated that the tonality of economic narratives serves as a predictive
indicator for economic outcomes, particularly during periods of high uncertainty and
growth anticipation.

Fourth, this paper also contributes to the policy-oriented research on central bank
communication. The evolution and impact of central bank communication strategies
have become crucial for monetary policy effectiveness and financial stability. Studies
have shown that central bank communication can significantly influence market expec-
tations and enhance the predictability of monetary policy decisions (Blinder et al.
2008; Woodford 2005). Best practices and strategic frameworks for central bank com-
munication have been outlined by institutions like the International Monetary Fund
(2022), emphasizing their role in achieving monetary policy objectives and maintaining
financial stability. Research also explores the impact of central bank communication
on financial stability (Born et al. 2014; Cieslak and Schrimpf 2019), highlighting the
importance of clear and consistent communication during periods of unconventional
policy. Furthermore, the integration of bounded rationality into New Keynesian models
provides insights into how central bank communication strategies affect expectations
and policy outcomes (Gabaix 2020). Finally, research on the influence of central bank
announcements on public beliefs underscores the necessity of clear communication to
manage expectations effectively (Lamla and Vinogradov 2019; Blinder et al. 2024;
Dréger 2023).



3 Model
3.1 The Economy

The behavioral macroeconomic model proposed by De Grauwe (2011) and further
developed by De Grauwe and Ji (2020, 2023) forms the foundation of this approach.
This model extends the New Keynesian business cycle framework presented by Gali
(2008) by incorporating heterogeneous forecasting rules.

The demand side of the economy is represented by the New Keynesian IS curve:

Ty = @1Et(xt+1) + (1 - al):zzt_l - ag(it - Et(ﬂt+1)) + Ef (1)

Here, x; denotes the output gap, i; the nominal interest rate, E, (z4+1) the expected
output gap, and Et(m+1) the expected inflation rate. The parameter as represents
the inverse elasticity of substitution of demand, and the tilde (Et) indicates bounded
rational expectations (BRE).

The supply side of the economy is described by the New Keynesian Phillips curve
(NKPC), which relates the inflation rate (m;) to the output gap (x;) and the expected
future inflation rate (Ey(m41)):

T = b E(mg1) + (1= b1)m_y + boxy + €7 (2)

In this equation, by represents the slope of the Phillips curve, indicating the extent
to which inflation adjusts to changes in the output gap and how flexible firms are in
their price-setting behavior. Following De Grauwe and Ji (2020, 2023), lagged output
is included in the demand equation, and lagged inflation is included in the supply
equation.

The central bank’s response to fluctuations in the inflation rate and the output
gap is modeled by the Taylor rule:

it = (1 —c3)[er(me — ) + cowe] + 381 + ei (3)

According to this equation, the central bank raises interest rates if the output gap
widens or if observed inflation rises relative to the target inflation rate. The central
bank also smooths the interest rate by considering the lagged interest rate (i;—1), mea-
sured by the coefficient c3.

Noise terms are added to equations (1), (2), and (3) to describe the exogenous shocks
affecting the economy. These noise terms (e, €F, and €:) follow a white-noise pro-
cess and are assumed to be normally distributed random variables with a zero mean
and constant standard deviations (0%, o™, and ¢*), e.g. €/ ~ N(0,0%) and €f ~
N(0,0™) and € ~ N(0,0").



3.2 Heterogeneous Expectations

The heuristic switching framework, rooted in Brock and Hommes (1997), captures
how boundedly rational agents adapt their expectations by dynamically choosing
forecasting heuristics based on past performance. These heuristics simplify decision-
making under uncertainty, enabling agents to adjust flexibly to changing economic
environments. Constrained by bounded rationality, agents rely on behavioral heuristic
decision-making principles to form their expectations. The set of possible expectation
heuristics is based on those employed in De Grauwe and Ji (2020, 2023). Agents in this
framework choose between two primary heuristics. The first is target-based expecta-
tions, in which agents assume that the central bank will achieve its inflation target in
the next period (i.e. they expect 7* to prevail at ¢ + 1) and that the output gap will
move toward its natural level in the following period. The second is naive expectations,
where agents forecast future outcomes by simply extrapolating from past observations.
In case of inflation expectations, the Target-based expectations indicate trust in the
central bank’s credibility, while naive expectations serve as an alternative when pol-
icy guidance is viewed with skepticism. The degree of credibility of the central bank
is thus defined as the share of inflation targeters in the total population of agents.
Agents who trust the announced inflation target 7* are therefore referred to as
targeters. Consequently, these agents use the following heuristic to forecast:

Ef* (2441) =0 (4)

By (mpg1) =7 ()
Agents using naive (or static) expectations forecast the next period’s value by simply
employing the previous period’s observation (De Grauwe and Ji 2020, 2023; Lengnick
and Wohltmann 2016). Therefore, they use equation 6 as a forecasting rule:

B (ko) = ki with k€ {r,2) ©

Following Schmitt (2021), the type of heuristic j agent ¢ chooses among the set of
forecasting heuristics {tar,stat} in forecasting variable k € {7, z} can be formalized
by:

i {E};r(km) it IF(t) =1 (7)

Ei (k1) = 9 = .
1 Bt (ki) i IHE) =0
Agent ¢ will opt for Efir(ktﬂ) if its indicator function assumes the value 1 and for
E5t(ky41) otherwise. Considering WP () and WS (¢) as the switching probabili-

% i

ties that agent ¢ will opt for heuristic j € {tar,stat} to forecast variable k; 41 € {7, x}
in period ¢, this indicator function can be formalized by:

Vi 8
/\f,tar(t) =0, with prob wk,stat(t) e{1,...,N} ( )

)

k,tar 3 k,tar
h =1 h k,
15 = {AZ (t) =1, with prob (0

The indicator matrix If = {0,1}**2 indicating the forecasting choice of all agents is
shown in Appendix A.1.



The number of agents that follow each forecasting rule can now easily be defined by:

N
D SPRC ©)
=1
N
k,stat k,tar
g™ = () — 1 (10)
i=1

Finally, the relative number of agents that follow each forecasting heuristic is defined
by:

k,tar

ktar _ ny (11)
Wy N

X nk,stat ( )

,stat _ t 12
Wy N

The relative numbers of agents add up to 1, so the following can also be used as a
. . . . k,tar k,stat k,stat
formalization of the relative number of targeters (naives): wy”"™ = 1—w, (w;
1-— wf ’tar).
After setting up the expectation heuristics and specifying the selection mech-
anism, the conditional expectation operator in Equations (1) and (2) is replaced

J

with the respective proportions w7 weighted expectation heuristics EY (ky41) with
j € {tar,stat} and k € {m,z} to derive the market expectations (Arifovic et al. 2013;
Brazier et al. 2008):

Ey(kig1) = wp ™ B (ko) + w) ™ B (ki)

. (13)
_ wf,tark* + U)f’btatk’t71

Based on the share of agents given by Equations (12) and (13), the optimistic or
pessimistic market sentiments can now be formally depicted. The definition of market
sentiments is again based on De Grauwe and Ji (2020, 2023) and works as follows:

(14)

S wf’smt — wf’tar if ke >0
¢ = .
—wf’swt + wf’tar if ky_q1 <O

where S; is the index of market sentiment ranging from —1 to +1 and k € {m, x}.

3.3 Behavioral Heuristics and Switching Mechanisms

The selection of a heuristic is governed by a discrete-choice approach (McFadden 1974),
where agents assess the historical predictive accuracy of each heuristic using the Mean
Squared Forecast Error (MSFE), which has been applied in prior research (e.g. Branch
and McGough 2010; De Grauwe and Ji 2020, 2023; Lengnick and Wohltmann 2016).



The attractiveness of heuristic j € {tar,stat} for variable k € {m, 2} in period tis
defined as: . - ‘

APT = —(kpo1 — B _y(ke1))* + CAPY, (15)
with k € {m,z} and j € {tar,stat}

where ( is a memory parameter determining how much weight agents assign to
past forecast errors (Franke and Westerhoff 2018). A higher ¢ indicates longer memory,
reinforcing persistence in heuristic choice.

The probability that an agent selects a specific forecasting heuristic j for variable
k in period ¢ is determined by the multinomial logit model (Branch and McGough
2010):

k,j _ eXp{eA?J} (16)
LY e{0A)T)
with k € {m,z} and j € {tar,stat}

where 6 is the intensity of choice parameter, governing how strongly agents react
to differences in performance. When 6 is high, agents switch heuristics more frequently
in response to performance differentials; when 6 is low, agents are more inertial and
less sensitive to past forecast errors.

This heuristic switching framework allows agents to dynamically adapt their expec-
tations based on observed economic conditions. Unlike models assuming rational
expectations, this approach better captures the heterogeneity observed in empiri-
cal inflation expectation surveys (Pfajfar and Zakelj 2014). Moreover, the framework
aligns with evidence suggesting that households and firms frequently adjust their
forecasting rules based on past forecast errors rather than forming fully rational
expectations (Branch and McGough 2010).

Assuming BP0 (t) = R (t) and BFS(t) = BFSAY(t) V 4, these represent the
probability choices of agent i for heuristics j. Let the Switching Probabilities Matrix
(SPM) be defined as B¥. The SPM is provided in matrix notation in Appendix A.2
for reference.

3.4 Network Structure and Agent Connectivity

The agent population consists of N = 100 agents, embedded in different network struc-
tures reflecting key characteristics of real-world interactions. The scale-free network,
based on preferential attachment (Barabdasi and Albert 1999), is initialized with 100
nodes and 1275 edges, featuring a power-law degree distribution, low clustering, and
short path lengths. These networks, observed in systems like the World Wide Web and
social networks (Barabdsi 2009), are dominated by a few highly connected “hubs” (i.e.,
agents with high degree centrality, where the number of connections determines cen-
trality) that play a disproportionate role in information dissemination (Thurner et al.
2018, pp. 174ff). In the context of inflation dynamics, these hubs can amplify stabiliz-
ing or destabilizing narratives, disproportionately influencing aggregate expectations
(Gabaix 2016).

The small-world network (Watts and Strogatz 1998), initialized with 1473 edges,
features high clustering and short path lengths. These properties enable efficient infor-
mation flow while maintaining local coherence, making them well-suited for modeling



localized economic interactions such as household consumption or firm-level price-
setting (Easaw and Mossay 2015; Jackson et al. 2008). Small-world networks capture
how localized shocks propagate to the macro level, balancing local and global influences
(Strogatz 2001; Watts 1999).

The random network, based on the Erdés—Rényi framework (Erdos et al. 1960),
is initialized with 1200 edges, featuring a Poisson degree distribution, low clustering,
and short path lengths. It serves as a baseline for evaluating the effects of network
heterogeneity on expectation dynamics. Lastly, the regular network, initialized with
3000 edges for computational efficiency, exhibits a fixed degree distribution, high clus-
tering, and long path lengths, providing a contrast to the more dynamic scale-free and
small-world networks (Newman 2003).

By simulating heterogeneous pathways of narrative dissemination, belief updating,
and systemic stability, the model evaluates how differences in agent connectivity and
information flow influence the resilience of inflation expectations under varying eco-
nomic scenarios. A stylized overview of the different network types used and common
network properties is illustrated in table 1:

Table 1: Comparison of Different Network Types with 16 Nodes Each. The table illustrates four distinct graph
types - regular, random, small-world, and scale-free networks - each comprising 16 nodes. It highlights the
differences in degree distribution, clustering coefficient, path length, and randomness. This tabular representation
was adapted from Anderson and Dragicevié¢ (2020).

Network Type Regular Random Small World Scale Free
P S N
[ ] Pas
= 1
Digﬁ%ﬁf& on Fixed Poisson Poisson or skewed Power Law
Clustering . -
Coefficient High Low High Low
Path Length Long Short Short Short
Randomness p=0 p=1 O<p<l1 O<p<l1

10



3.5 Social Influence and Belief Updating

Individuals, due to cognitive limitations, partially rely on information from their social
network when making decisions under uncertainty (Azzimonti and Fernandes 2023).
This phenomenon, known as informational social influence, can be effectively illus-
trated using the DeGroot Model (Buechel et al. 2015). The DeGroot model (Degroot
1974) represents how agents update their beliefs through interactions with their net-
work neighbors, combining their own opinions with those of their peers. Experimental
and empirical evidence suggests that individuals tend to adhere to this heuristic learn-
ing process (e.g. Chandrasekhar et al. 2020; Choi et al. 2008; Corazzini et al. 2012).
The DeGroot-type linear updating setting applied here uses an average-based updat-
ing process for belief dynamics, where agents’ choice of forecasting rule is influenced by
the perceived true state of the world and the actions of their neighbors in the previous
period. Hence, agents update their opinions quasi-naively to a probability distribution
that better fits the decisions made in their network vicinity.
All networks can be characterized by a row-stochastic n x n matrix denoted by

T= (Qij)?,j:b

where for all 4,57 € N, we have g;; > 0 and Z;L:1 gi; = 1. Here, g;; represents the
weight that agent ¢ assigns to agent j’s current belief when updating their own belief in
the next period. This matrix, which is herein called Trust Matrix (TM), encapsulates
the network topology and the intensity of trust among agents.

Assuming symmetric trust (i.e., g;; = g;:), reflecting reciprocal confidence between
agents, the TM is defined explicitly as:

gi1 912 " Jin
g21 922 - G2n

- (17)
9Inl Gn2 " Gnn

The row-stochastic property ensures that each row sums to 1, which enables a clear

probabilistic interpretation of the trust levels: each agent distributes a total weight of 1

across all other agents’ beliefs. This structure is crucial for modeling how information

and influence propagate through the network.

The social influence of neighbors’ decisions is measured by a matrix derived
from the inner product of this TM (17) and the Indicator Matrix (IM) provided in
Appendix A.1 for variable k from period ¢t — 1. The resulting Conformity Probabili-
ties Matrix (CPM) for variable k in period t is then given by (see Appendix A.3 for
details):

CPMf =C}=T- T}, (18)

In addition, agents’ individual past forecasting performance is captured by the
discrete-choice-based model, yielding the Switching Probabilities Matrix given in
Appendix A.2. The core part of the model is a convex combination of these two proba-
bility distributions. The probability distributions over a discrete set of alternatives are

11



weighted by a persuasion parameter and additively combined to create the weighted
probabilities matrix (wPM):

wPM} =Qf =x-C}+ (1 - ) B} (19)
Here, each element wf 7 (t) of wPM]} represents the probability that agent i opts for

heuristic j € {tar, stat} to forecast the variable kiy; € {m, 2} in period ¢, as given
mathematically by:

ki o [N~ kg o exp{0A] (1)}
w; () = X <;9d>‘z (¢ 1)>+(1 X) (Zj/exp{GAf’j/(t)}> (20)

This formulation consists of two primary components: The first term >_;" gil)\f’j (t—1)
(weighted by x) captures the social influence mechanism based on DeGroot learning
(Degroot 1974). Each agent i assigns a weight g;; to the forecast of network neighbor
[, reflecting their level of trust. In the limiting case where y = 1, the agent completely
follows the network, effectively dismissing the impact of its own historical performance.
The multinomial logit component in the second term (weighted by 1 — x) quantifies
the probability of selecting heuristic j based on its past performance, as measured
by the Mean Squared Forecast Error. The parameter 0, representing the intensity of
choice, determines the sensitivity to forecast errors. When y = 0, the agent disregards
social influence entirely and bases its decision solely on past forecasting accuracy.

The persuasion parameter x serves as a convex combination weight between individ-
ual learning and network-driven updates. Specifically, when x = 0, agents base their
heuristic switching exclusively on their own past forecasting performance, thereby act-
ing independently. In contrast, when xy = 1, agents fully incorporate the opinions
of their network neighbors, resulting in a completely network-driven belief updating
process. For intermediate values, 0 < x < 1, the model captures a integrated environ-
ment in which agents blend self-learning with social influence. This integration of the
heuristic switching model with the DeGroot opinion dynamics model within a macroe-
conomic context, particularly considering various network structures, provides a robust
framework for analyzing expectation formation. It offers a comprehensive mechanism
to investigate the interplay between personal adaptation and network effects in expec-
tation formation and the transmission of monetary policy. This approach was further
inspired by frameworks like Azzimonti and Fernandes (2023), which model informa-
tion exchange within synthetic networks, and Easaw and Mossay (2015), which explore
social learning through localized interactions where households acquire knowledge from
proximate peers to shape their expectations.

The calculation of the weighted probabilities matrix is provided in Appendix A.4
for reference. The solution of the model is illustrated in Appendix B.1.

12



3.6 Simulation Framework and Algorithmic Implementation

In this subsection, the computational framework for simulating the behavioral
macroeconomic model presented in section 3. The simulation is structured in three
interconnected layers. First, Algorithm 1 details the micro-level decision process of
individual agents. Here, each agent computes forecast errors based on the discrepancy
between the previous observation and an earlier forecast, updates the attractiveness of
alternative heuristics via a memory parameter, and calculates switching probabilities
using a multinomial logit formulation. In addition, agents incorporate social influence
- quantified as a weighted sum of neighboring agents’ previous choices - to determine a
combined probability for selecting either a target-based or a naive forecasting heuristic.

Secondly and building on these micro-foundations, the overall simulation is divided
into two main components, as detailed in Algorithms2 (Parts T and II). In Part I, the
simulation iterates over a predetermined time horizon where, for each period and for
each macroeconomic variable (inflation and output gap), agents update their heuris-
tic attractiveness based on historical forecast errors. They then compute individual
switching probabilities and integrate these with social influence to form a weighted
probability for each forecasting alternative. Part I, therefore, emphasizes the dynamics
of expectation formation and the evolution of social influence over time.

Part II of Algorithm 2 advances the analysis by aggregating the micro-level deci-
sions through matrix-based computations. In this stage, the Switching Probabilities
Matrix - constructed from agents’ individual switching probabilities - is combined with
the Conformity Probabilities Matrix, which derives from the network’s Trust Matrix
and the indicator matrices reflecting previous heuristic choices. The resulting weighted
probabilities matrix, parameterized by the persuasion weight, consolidates individ-
ual behaviors into aggregate weights. These weights are then used to form market
expectations, which are subsequently integrated into standard macroeconomic updat-
ing mechanisms via the New Keynesian Phillips Curve, the IS curve, and the Taylor
rule. This systematic updating process yields the time series for key macroeconomic
variables such as inflation, output gap, and nominal interest rates.

Together, these algorithms provide a transparent and rigorous depiction of how
individual behavioral processes - captured in Algorithm 1 - are aggregated via network
interactions and matrix computations in Algorithm 2 (Parts I and II), ultimately
generating aggregate macroeconomic dynamics. This integrated approach not only
facilitates reproducibility but also offers insights into the interplay between micro-
level bounded rationality and social network effects in expectation formation, thereby
enhancing our understanding of the individual decision-making processes involved in
heterogeneous forecasting strategies and the systemic stabilization mechanisms that
emerge from network dynamics.
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Algorithm 1 Single Agent Expectation Formation Process

Require: Agent ¢’s information at time ¢:

® Previous observation k;—; and forecast Ef_g(kt_l) for each heuristic j €
{tar, stat}.

Previous attractiveness Af’_jl for each heuristic.

Parameters: memory (, intensity 8, persuasion weight x. _

For each neighbor | € N(3): trust weight g;; and past choice indicator )\f’] (t—1).
Target value k* (e.g. 7* for inflation or 0 for output).

Ensure: Agent i’s forecast E;;(ki11) for variable k.
1: for all j € {tar,stat} do _
2: Compute forecast error: error! < ky_1 — E}_,(ki_1).
3: Update attractiveness:

APT (errorj)2 + AR
4: Compute switching probability (individual component):

exp{f Ay}
exp{f AP 4 exp{H APy

k,j
B

5. end for
6: Compute social influence for each heuristic:

SEIE) — D ga NI (t-1)
IEN(i)

7: Combine individual and social components:

wf’j(t) — XS’f’j(t) +(1—x)BF, j e {tar,stat}
s: Normalize w (t) so that w™ (t) + W™ (1) = 1.
9: Randomly choose heuristic j* using the probabilities wf J(t).
10: if j* = tar then
11: Set forecast: E; ¢ (k1) < k*.
12: else
13: Set forecast: E; ¢(kiy1) < ki—1.
14: end if
15: return E; (kiy1).
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Algorithm 2 Overall Model Simulation Process (Part I: Expectation Formation and
Social Influence)

Require: Model parameters and initial conditions

W o

© » 3 > oo

10:

11:

12:
13:
14:
15:
16:

17:

18:
19:

Number of agents N and simulation horizon T'.

Model parameters: a1, as, by, ba, c1, co, c3, ™, (, 8, x, and noise standard
deviations ¢®, o™, o".

Initial macro variables: xq, mg, ig.

Initial expectation forecasts E7 | (k) for k € {x, 7} and j € {tar, stat}.
Network structure to generate the Trust Matrix T, with elements g;;.

Initial indicator matrices If € {0, 1}V*2 for k € {x, 7}.

Initialize:

: Generate network and compute Trust Matrix T.

Set initial indicator matrices If, I (e.g., random assignment between target and
naive).
Set o, 0, io.
fort=1to T do
for all k € {z,7} do
for all agents i =1,...,N do
for all j € {tar,stat} do
Compute forecast error:

J ni]
error; < ki—1 — E{_5(ki—1)

Update attractiveness:

, 2 ,
ARI (1) — (errorj) + AR (1)

i
Compute individual switching probability:

exp{f A{ ()}

ki
T o A ) + e 0 A 0]

end for
end for
for all agents i =1,..., N do
for all j € {tar,stat} do
Compute social influence component:

N
SEI(E) < D gu Nt = 1)
1=1
Combine individual and social components:
k,j k,j k,j
w; (t) <= x 57 (1) + (1= x) ;™ (1)

end for 15
end for




Algorithm 2 Overall Model Simulation Process (Part II: Matrix Aggregation and
Macro Updates)

20: Form the following matrices: ‘
21: Construct the Switching Probabilities Matrix BY from {ﬂf (1)}
22: Compute the Conformity Probabilities Matrix:
CremT-17,
23: Compute the Weighted Probabilities Matrix:

OF « xCf + (1 - x) By

24: for all agents i =1,...,N do
25: Draw a random outcome from {tar,stat} using probabilities
from the ith row of QF.
26: Set indicator:
1, if target heuristic is chosen
APt () = 8¢ and AP () = 1 — \Btar(g)
0, otherwise
27: end for
28: Update indicator matrix IF accordingly.
29: Compute aggregate weights:

N
kit 1 kot kstat kot
wt'ar<——§ AE), w1 —w
N
i=1

30: Form market expectations:
r- k,tar k,stat
Et(kt+1) — Wy k™ + Wy kt—la

where k* is 7* for inflation and 0 for output gap.

31: end for
32: Update Macro Variables:
33: Update output gap using the New Keynesian IS curve:

xy a1 Ey(zi) + (1 — a1)z_1 — ao (it - Et(ﬂt+1)) + €.
34: Update inflation using the New Keynesian Phillips curve:
T+ by Et(ﬂt+1) + (1 = by)me—1 + boxy + €.
35: Update nominal interest rate via the Taylor rule:
iy < (1 —c3)[cr(me — ) + comy] + 3051 + €h.
36: Generate noise terms €7, €7, €l as Hdependent draws from N(0,0%),
N(0,6™), N(0,0"), respectively.

37: end for

3s: return Time series of x4, m;, i; and the evolution of indicator matrices IF, for
ke {x,n}.




4 Computational Results

4.1 Numerical Approach and Parameter Calibration

Building upon the agent-based model with heterogeneous expectations and network
structures, this section presents the computational results from Monte Carlo simu-
lations detailed in Section 3.6 designed to analyse the impact of social influence on
inflation expectations and market sentiment, guided by the parameter calibration
outlined in Table 2 and the network topologies described in Section 3.4.

Behavioral economic models incorporating evolutionary switching between hetero-
geneous expectations are inherently complex, often precluding analytical solutions due
to their non-linear dynamics (Hommes 2013).? Consequently, this study employs an
agent-based Monte Carlo simulation framework to capture local interactions within
a heterogeneous expectations environment under bounded rationality. At the outset
of each simulation, agents are randomly assigned to follow either the target-based or
naive expectation heuristic with equal probability (i.e., a 50:50 split), thereby ensuring
an initially balanced heterogeneity in forecasting behavior. To mitigate the influence
of transient dynamics, a burn-in period of 30 periods is implemented, during which
no data are recorded. This approach ensures that the statistical analysis is not biased
by initial conditions. Each simulation run spans 200 periods, with economic shocks
modeled as normally distributed random variables with a mean of zero and standard
deviations of 6% = 0.5, 0™ = 0.5, and ¢’ = 0.5. To ensure statistical robustness, results
are averaged across multiple independent Monte Carlo iterations.

For the agent-based simulations, the default network structure is a scale-free
Barabdsi-Albert network, which reflects real-world financial and social network proper-
ties with preferential attachment. This ensures that a small number of highly connected
agents play a dominant role in expectation propagation. For sensitivity analysis, sim-
ulations were also conducted across four alternative network structures: (i) Scale-free
(Barabdasi-Albert) network with 100 nodes and 1275 edges, (ii) Small-world network
with 1473 edges, (iii) Random (Erdds-Rényi) network with 1200 edges, and (iv) Regu-
lar lattice network with 3000 edges. These variations allow for assessing the robustness
of results across different interaction topologies.

2For an in-depth discussion on the stability conditions of behavioral models, refer to De Grauwe and Ji
(2020) and Hommes and Lustenhouwer (2019a).
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Table 2 outlines the parameters used, which are largely consistent with those in
De Grauwe and Ji (2020, 2023).

Table 2: Parameter values of the calibrated model.

Calibration
Parameter  Description
a1 =0.5 Coeflicient of expected output in IS equation (Smets and Wouters 2003)
as =0.2 Inverse elasticity of substitution (Clarida et al. 2000)
b1 =0.5 Coefficient of expected inflation in PC equation (Smets and Wouters 2003)
b2 = 0.05 Phillips curve coefficient of the output gap (De Grauwe and Ji 2023)
c1 =15 Interest rate control parameter for inflation (Blattner and Margaritov 2010)
c2 =0.5 Interest rate control parameter for output (Blattner and Margaritov 2010)
c3 = 0.5 Interest smoothing parameter in Taylor equation (Blattner and Margaritov 2010)
™ =0 Inflation target (De Grauwe and Ji 2023)
oc® =05 Standard deviation of the output gap (De Grauwe and Ji 2023)
o™ =0.5 Standard deviation of the inflation rate (De Grauwe and Ji 2023)
ot =0.5 Standard deviation of the nominal interest rate (De Grauwe and Ji 2023)
¢=2 Intensity of Choice (De Grauwe and Ji 2023)
¢=0.5 Memory Parameter (De Grauwe and Ji 2023)
x € [0,1] Persuasion Parameter (Own calibration)

Figure 1 presents the time series of the inflation rate, the corresponding market

expectations,

and the forecast errors from a representative simulation run with x = 0.5

over a simulation length of 200 periods.
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Fig. 1: Inflation, Market Fzpectations, and Forecast Errors. The top panel shows the evo-
lution of inflation, the middle panel displays market expectations, and the inset highlights

forecast errors
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4.2 Behavioral Interventions and Market Sentiment Dispersion

To analyze agent susceptibility to network effects, computational experiments were
conducted, defining dispersion as the standard deviation of variables (e.g., inflation
rate, market sentiment). These experiments introduced distinct behavioral strategies:
agents with degree centrality ranks (1st, 5th, 10th, and 25th) adopted either tar-
geted or naive inflation expectations. The targeted strategy reflects a central bank’s
deliberate inflation narrative via highly central nodes, while the naive strategy illus-
trates the impact of distorting narratives. Agents updated expectations using a convex
combination of heuristic-based forecasts and the weighted average of neighbors’ expec-
tations, modulated by the persuasion parameter x, which determines the influence of
social interactions. Highly connected agents thus significantly shape overall market
expectations. Following Equation 20 in Section 3.5, agent i updates its forecast as:

ki — o [N kg o exp{0A}”(t)}
W (t)—X (;gzl/\l (t 1)>+(1 X) <Zj/exp{0Af’j'(t)}>

where Ep(m; 441) is the heuristic forecast, w;; is the trust weight for neighbor j,
and N (i) denotes the set of neighbors. For the main simulations, the Barabési-Albert
scale-free network is employed.

Figures 2 and 3 illustrate the impact of behavioral interventions on the mean share
of inflation targeters and naive agents - grouped by degree centrality - as the persua-
sion parameter () varies. When x # 0, significant differences emerge both within and
across centrality groups. Under the targeted intervention, even agents with lower cen-
trality adopt target-based expectations more frequently as social influence strengthens
(see Figure 2). The nested Heuristic Switching Model (x = 0) consistently shows the
lowest share of targeters, whereas the nested DeGroot model (x = 1) achieves the
highest, confirming that full network-based updating drives stronger convergence. For
intermediate persuasion levels (y = 0.3, 0.5, 0.7), the mean share of targeters increases
steadily with centrality - particularly between the 1st and 5th ranks - but this effect
is less pronounced for agents ranked below 10th, indicating that highly central agents
are more responsive to targeted narratives. In contrast, in the naive intervention sce-
nario (Figure 3), the share of naive expectations increases significantly at x = 1 under
the nested DeGroot model - exceeding even the effect observed under targeted inter-
ventions. For intermediate y values (0.3, 0.5, 0.7), the increase in naive expectations is
modest and shows little sensitivity to centrality, suggesting a uniformly destabilizing
influence across the network.

Compared to targeted interventions, naive interventions exhibit smaller effect sizes
and weaker differentiation across centrality ranks. While targeted interventions show
pronounced increases in inflation targeters, particularly among highly central agents,
naive interventions result in more evenly distributed effects. Notably, as x rises, the
share of naive expectations declines in the benchmark, whereas inflation targeters
consistently increase.

Figures 4 and 5 illustrate the distribution and dispersion of market sentiment -
calculated from the sentiment index (ranging from -1 for purely deflationary to 1
for purely inflationary expectations) as defined in equation 14 - across 500 Monte
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Fig. 2: Average Share of Targeters in the Benchmark and under Targeted Intervention across
Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied in discrete steps
(0, 0.3, 0.5, 0.7, 1). Error bars indicate variability over 500 simulation iterations, each lasting

200 periods
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Fig. 3: Average Share of Naive Agents in the Benchmark and under Naive Intervention
across Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied in discrete
steps (0, 0.3, 0.5, 0.7, 1). Error bars indicate variability over 500 simulation iterations, each

lasting 200 periods

Carlo iterations. The sentiment index reflects the direction and degree of polariza-
tion or comnsensus in agents’ inflation expectations during each simulation run. A
lower mean dispersion indicates that most agents’ inflation expectations are closely
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aligned, whether leaning toward inflation or deflation, resulting in a relatively nar-
row spread (high cohesion) of sentiment values over time. Conversely, a higher mean
dispersion (e.g., 0.8) suggests that sentiment indices are more widely dispersed and
volatile, implying greater polarization and less anchored expectations. This increased
divergence amplifies overall uncertainty in market expectations.

For targeted interventions (Figure 4), the overall trend shows an increase in the
cohesion of market sentiment as persuasion levels rise, while the behavioral target
intervention itself appears to have only a negligible effect (at least within the nested
HSM and the integrated model) on market sentiments (see Figure 4 for reference).
However, in the absence of targeted anchoring, the nested DeGroot Model exhibits
a counterintuitive uptick in dispersion, with extreme persuasion (y = 1) seemingly
increasing heterogeneity among agents. In contrast, the targeted intervention consis-
tently maintains lower dispersion even at high persuasion levels, even for subordinate
centrality ranks. This suggests that targeted messaging effectively narrows the range
of sentiment, provided the agents’ susceptibility to persuasion within the network is
sufficiently high.

In contrast, the naive intervention (Figure 5) exhibits a somewhat different pat-
tern. While there is a decline in sentiment dispersion as persuasion increases - similar
to the trend observed in the targeted case - the naive intervention appears to have
minimal to no impact, particularly within the nested Heuristic Switching Model and
the integrated model. However, in the nested DeGroot Model, the standard devia-
tion rises at high persuasion levels and consistently remains elevated in the behavioral
intervention scenarios, even for agents with lower centrality ranks.
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Fig. 4: Dispersion of Inflation Market Sentiments in the Benchmark and under Targeted
Intervention across Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied
in discrete steps (0, 0.3, 0.5, 0.7, 1). Box plots show the average standard deviation of the
sentiment index resulting from 500 Monte Carlo iterations each with 200 periods
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Fig. 5: Dispersion of Inflation Market Sentiments in the Benchmark and under Naive Inter-
vention across Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied in
discrete steps (0, 0.3, 0.5, 0.7, 1). Box plots show the average standard deviation of the sen-
timent index resulting from 500 Monte Carlo iterations each with 200 periods

4.3 Impact of Behavioral Interventions on Inflation Rate
Dispersion

The analysis of behavioral interventions reveals a significant modulation of inflation
dispersion, as quantified by the standard deviation of the inflation rate. Figures 6 and
7 present the variability of inflation under targeted and naive narrative interventions,
with error bars capturing the distribution of standard deviations.

Figure 6 demonstrates that, under the target intervention scenario, the standard
deviation of inflation consistently declines as the persuasion parameter (x) increases,
with the most substantial reductions observed among agents with high degree cen-
trality - particularly between the 1st and 5th ranks. This reduction indicates that
when agents receive a targeted narrative aligned with the central bank’s inflation tar-
get, their inflation expectations converge, leading to more stable inflation outcomes.
In particular, under the nested DeGroot model (x = 1), where agents fully rely on
network-based belief updating, the stabilization effect is most pronounced.

In contrast, the naive intervention (Figure 7) demonstrates that only under the
nested DeGroot model does a distorting narrative notably increase the standard devi-
ation of the inflation rate - indicating that strong conformity pressures are necessary
to significantly destabilize the market. In both the nested Heuristic Switching Model
(HSM) and the integrated model at intermediate persuasion levels (x = 0.3 and
x = 0.5), the standard deviation remains relatively constant across different degree
centrality ranks. This suggests that with moderate social influence, a naive narrative
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Fig. 6: Average Inflation Dispersion in the Benchmark and under Target Intervention across
Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied in discrete steps
(0, 0.8, 0.5, 0.7, 1). Error bars indicate variability over 500 simulation iterations, each lasting
200 periods

does not substantially affect inflation dispersion. However, when agents rely entirely
on network-based belief updating (i.e., x = 1 under the nested DeGroot model), a
marked increase in dispersion is observed. Moreover, even among intermediate persua-
sion levels (x = 0.3, x = 0.5, and x = 0.7), subtle variations across centrality ranks
appear, highlighting that the destabilizing impact of a naive narrative is sensitive to
both the level of persuasion and agents’ network positions.

Table 3 presents the estimated effects of behavioral interventions on the standard
deviation of the inflation rate. The effect sizes are reported as Cohen’s d (a standard-
ized measure of the magnitude of the difference between the intervention and baseline
scenarios) along with the corresponding t-statistics (with negative values indicating
a reduction in the standard deviation relative to the benchmark) and the post-hoc
statistical power based on 500 simulation iterations.

For the targeted intervention, substantial reductions in the standard deviation of
the inflation rate are observed at moderate to high levels of the persuasion parameter
(x = 0.3, x = 0.5, and x = 0.7). Notably, even agents with lower degree centrality
(Rank 25) show statistically significant reductions - albeit with smaller effect sizes
compared to more central agents. This finding implies that targeted dissemination
of the central bank’s inflation narrative can stabilize inflation outcomes across the
network, benefiting even those agents who are less influential.

In contrast, the naive intervention displays a different pattern. At lower persuasion
levels (x < 0.7), the effects on the standard deviation of inflation are minimal and
statistically weak. However, when the persuasion parameter reaches its maximum value
(x = 1), there is a marked increase in the standard deviation of the inflation rate.
This increase is especially pronounced among agents with high degree centrality, but it
also affects agents with lower centrality. This counterintuitive outcome - that a naive
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Fig. 7: Average Inflation Dispersion in the Benchmark and under Naive Intervention across
Centrality Ranks (1st, 5th, 10th, 25th) for Persuasion Values (chi) varied in discrete steps
(0, 0.8, 0.5, 0.7, 1). Error bars indicate variability over 500 simulation iterations, each lasting

200 periods

(or distorting) narrative can significantly destabilize inflation when social influence is
very strong - underscores the potential risk such narratives pose to market stability
when agents are highly susceptible to peer influence.
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Table 3: Estimated effect of varying persuasion parameter levels (x) on the standard
deviation of inflation, measured by T-test differences relative to a baseline.

Target Intervention Naive Intervention

Persuasion  Centrality Target Est. Effect Post-hoc Power Est. Effect Post-hoc Power

0 Rank 1 0.1833" 0.825 0.0094 0.053
(-2.8977) (0.148)
Rank 5 0.1837"" 0.827 0.0092 0.052
(-2.9047) (0.146)
Rank 10 0.1827"" 0.823 0.0094 0.053
(-2.8893) (0.149)
Rank 25 0.1829™ 0.824 0.0093 0.052
(-2.8920) (0.147)
0.3 Rank 1 0.3188""" 0.999 0.0295 0.075
(-5.0406) (0.466)
Rank 5 0.2607™"* 0.985 0.0273 0.072
(-4.1217) (0.432)
Rank 10 0.1967*" 0.874 0.0241 0.067
(-3.1105) (0.382)
Rank 25 0.1356" 0.572 0.0198 0.061
(-2.1443) (0.313)
0.5 Rank 1 0.4043™" 1.000 0.0646 0.175
(-6.3925) (1.021)
Rank 5 0.2776™"" 0.992 0.0609 0.161
(-4.3898) (0.963)
Rank 10 0.1499" 0.658 0.0479 0.118
(-2.3697) (0.758)
Rank 25 0.0315 0.079 0.0381 0.092
(-0.4975) (0.602)
0.7 Rank 1 0.4418™" 1.000 0.1548" 0.686
(-6.9853) (2.447)
Rank 5 0.2048™" 0.899 0.1296" 0.535
(-3.2375) (2.049)
Rank 10 0.0165 0.058 0.1135 0.434
(0.261) (1.795)
Rank 25 0.2054™" 0.901 0.0864 0.276
(3.248) (1.366)
1.0 Rank 1 0.8460™"" 1.000 1.0544™*" 1.000
(-13.375) (16.672)
Rank 5 0.5388""" 1.000 0.9696"*" 1.000
(-8.5185) (15.331)
Rank 10 0.1858™" 0.835 0.7502"** 1.000
(-2.9372) (11.862)
Rank 25 0.0806 0.247 0.7502"** 1.000
(-1.275) (11.862)
Iterations 500 500
25

Notes: The column Est. Effect reports Cohen’s d, a standardized measure of the magnitude of the differ-
ence in inflation rate dispersion between intervention and benchmark scenarios. While Cohen’s d is always
positive, the direction of the effect is indicated by the sign of the t-statistic (reported in parentheses);
negative t-statistics denote reduced inflation rate dispersion under intervention relative to the benchmark,
and positive values denote increased dispersion. Post-hoc Power indicates the approximate probability of
detecting an effect of this magnitude at the 5% significance level given 500 independent simulation runs
(Monte Carlo iterations). Significance levels: T p <001, p<0.05 " p<o0.10.



4.4 Dynamic Responses and Impulse Response Analysis

To analyze the dynamic response of the model under rational expectations to an exoge-
nous price shock compared to the behavioral counterpart, the method of undetermined
coefficients was employed. This involves guessing the functional forms of the solutions
and solving for the coefficients to derive clear expressions for the endogenous variables.
The solutions for inflation m; and output gap x; are linear functions of the exogenous
shocks €7, €7, and € are assumed to be of the form:

mo= L€l + el +le;

e =Ygel Ui+

where %, T, i p% T and 1% are the undetermined coefficients. These forms are
substituted into the IS curve, the Phillips Curve, and the Taylor rule. By equating the
coefficients of the corresponding shocks, a system of equations for the undetermined
coefficients is derived and solved for their values. Applying this method to the NK
model specified in section 3 with assumed rational expectations, the coefficients relat-
ing output and inflation to an exogenous price shock in period ¢ = 45 are derived as
follows:

¢T( # wﬂ- —agC1

T + azciby © T Iy asc1by

The detailed derivation of these coefficients is provided in Appendix B.2.

Using these coefficients, the dynamic effects of a one-period price shock, sized at
twice the standard deviation of inflation, occurring in period ¢ = 45, are visualized.
The IRF for the behavioral model is calculated as the difference between the shocked
and baseline trajectories (Lengnick and Wohltmann 2016):

IRF(2) =2z — 2¢ (21)

where 27 is the time series after the shock, and 2? is the baseline time series without
the shock both based on 1,000 Monte Carlo simulation iterations.

Figure 8(a) shows the dynamic response of inflation to a one-period price shock
at t = 45. When the persuasion parameter (x) is low (e.g., x = 0 and x = 0.3),
the inflation response is both larger in magnitude and more persistent over time,
suggesting that, in the absence of strong social influence, agents rely predominantly
on their individual heuristics, delaying convergence to the rational expectations (RE)
benchmark. As y increases (e.g., x = 0.5, x = 0.7, and x = 1), the inflation response
becomes noticeably more muted and declines more rapidly, indicating that higher
social influence accelerates convergence toward the RE solution. The results imply
that stronger network-based belief updating promotes faster alignment of inflation
expectations, thus reducing the overall dispersion.

Figure 8(b) depicts the corresponding response of market expectations to the same
shock. A similar trend is evident: at low x levels, market expectations exhibit a pro-
nounced and prolonged deviation from the RE benchmark, reflecting heavy reliance
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on individual heuristics. In contrast, as x increases, the adjustment in market expec-
tations becomes more rapid and the deviations diminish, illustrating that enhanced
social influence helps synchronize agents’ forecasts.

This pattern highlights an important and intuitive result: stronger social influence
facilitates quicker consensus among agents, thereby reducing deviations from rational
expectations. Interestingly, the differences between intermediate and high persuasion
levels (x = 0.5, 0.7, 1) are subtle but notable - while increasing persuasion from mod-
erate to high levels still improves convergence speed, the incremental gains diminish
at higher values of x.
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Fig. 8: Overall Impulse Response Analysis based on 1,000 Monte Carlo simulation iterations.
Panel (a) shows the response of inflation while panel (b) depicts the reaction of market
expectations.
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4.5 Sensitivity Analysis and Robustness Check

The sensitivity analysis provides further evidence that increasing the persuasion
parameter, Y, exerts a stabilizing influence on inflation dynamics. Notably, this anal-
ysis was conducted under the rationale of the behavioral intervention in which the
central bank’s inflation target is actively disseminated among agents. As illustrated
in Figures 9 to 12, the average dispersion of the inflation rate - measured as the stan-
dard deviation across simulation runs - declines consistently with higher x values.
This stabilizing effect is evident across multiple network structures. In both scale-free
(Albert—Barabadsi; Figure 9) and small-world (Watts—Strogatz; Figure 10) networks,
agent centrality significantly modulates the reduction in inflation dispersion, indicat-
ing that highly central agents contribute disproportionately to the stabilization effect.
In contrast, random (Figure 11) and regular networks (Figure 12) exhibit negligible
centrality effects, with the greatest reduction in standard deviation observed in reg-
ular networks. Overall, these results underscore that both the network structure and
the degree of persuasion play crucial roles in shaping inflation dynamics. In particular,
scale-free and small-world networks demonstrate pronounced sensitivity to persua-
sion, with central agents acting as key conduits for information dissemination and
belief updating, while random and regular networks display a more uniform behavior,
suggesting a less pronounced influence of individual agents in these settings.

The sensitivity analysis was also conducted on the mean inflation rates, aver-
aged over 250 Monte Carlo iterations. The findings indicate that as the persuasion
parameter increased, the inflation rates converged to a steady-state value of zero,
with progressively narrower confidence intervals. However, no significant differences
were observed across targeted centrality ranks or between different network structures.
Although these results are not included in the main text or abstract, they are available
upon request.
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Fig. 9: Sensitivity of Inflation Dispersion to Persuasion in a Scale-Free Network across
Centrality Ranks (1st, 5th, 10th, 25th) The x-axis shows x, and the y-axis shows the average
standard deviation of inflation. Results are averaged over 250 simulations
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Fig. 10: Sensitivity of Inflation Dispersion to Persuasion in a Small-World Network across
Centrality Ranks (1st, 5th, 10th, 25th) The x-axis shows ¥, and the y-axis shows the average
standard deviation of inflation. Results are averaged over 250 simulations
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Fig. 11: Sensitivity of Inflation Dispersion to Persuasion in a Random Network across
Centrality Ranks (1st, 5th, 10th, 25th) The x-axis shows x, and the y-axis shows the average
standard deviation of inflation. Results are averaged over 250 simulations
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Fig. 12: Sensitivity of Inflation Dispersion to Persuasion in a Regular Network across Cen-
trality Ranks (1st, 5th, 10th, 25th) The x-axis shows x, and the y-axis shows the average
standard deviation of inflation. Results are averaged over 250 simulations
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Complementary to the analysis of inflation rate dispersion, we examine the sensi-
tivity of the correlation between realized inflation and market sentiment to variations
in x. Recall that the sentiment index - ranging from —1 (purely deflationary) to 1
(purely inflationary expectations) - captures both the direction and degree of polariza-
tion or consensus among agents. A higher correlation between inflation and sentiment
indicates that agents’ expectations are more closely anchored to actual inflation
outcomes.

Figure 13 presents the correlation coefficients between realized inflation and market
sentiment across different values of x, averaged over 500 Monte Carlo iterations (each
spanning 200 simulation periods) for the Albert—Barabdsi network. As x increases, the
correlation weakens, suggesting that higher persuasion levels diminish the alignment
of agents’ expectations with realized inflation. This trend is particularly pronounced
in the Albert—Barabdasi network, where the correlation even turns negative when
targeting the most central node with the behavioral target intervention.

A similar trend is observed in the Watts—Strogatz small-world network, as shown
in Figure 14. Here, the correlation decreases with increasing y, but the differences
among agents at the 5th, 10th, and 25th centrality ranks remain negligible. However,
a pronounced divergence emerges between the 1st and 5th ranks, indicating that the
most central agents are more susceptible to persuasion, leading to a stronger divergence
in their expectations relative to less central agents.

In contrast, the random network, depicted in Figure 15, exhibits a muted response
in the correlation between inflation and sentiment as x increases. The uniformity in
influence across agents ensures negligible differences across centrality ranks, align-
ing with theoretical expectations about the even distribution of influence in random
networks. This homogeneity results in a more consistent response to changes in
persuasion, reflecting the network’s structural properties.

Interestingly, the regular network, as shown in Figure 16, demonstrates a strong
responsiveness of the inflation—sentiment correlation to increasing persuasion as well.
At higher x levels, the correlation even turns negative, indicating a collective diver-
gence between realized inflation and market sentiment. This behavior is reminiscent of
the dynamics observed in the Albert-Barabdsi scale-free network (Figure 13), where
the correlation also becomes negative at high persuasion levels, particularly when
targeting the most central node with the behavioral target intervention. Unlike the
scale-free and small-world networks, however, no significant differences emerge across
centrality ranks in the regular graph. This uniformity underscores the homogeneous
structure of regular networks, where all agents exert similar influence, leading to a
network-wide shift in expectation formation as persuasion intensifies.
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5 Discussion

The computational results presented in the preceding section revealed a significant
role for social networks and narrative dissemination in shaping inflation expectations
and policy effectiveness.In this framework, individual forecasting heuristics - whether
target-based or naive - act as explicit narratives that agents update through peer
interactions and individual decision-making. The analysis robustly demonstrates that
these network effects are crucial for disseminating information essential for interpreting
economic developments and news (Shiller 2017; Andre et al. 2024; Roos and Reccius
2024).

This section discusses the key findings in detail, such as the impact of targeted
interventions in reducing inflation dispersion (see Figure 6), the dual influence of
persuasion () within social networks. These results are contextualized within the
broader literature, emphasizing the study’s contributions and implications.

A central contribution of this study is the introduction of an an integrated agent-
based macroeconomic model that combines behavioural heuristics with network effect,
formally characterized by intermediate persuasion levels (x = 0.3, 0.5, and 0.7). In
contrast to other hybrid approaches merging macroeconomic frameworks with agent-
based techniques, this approach explicitly embeds network structures into expectation
formation and emphasizes how agents update their beliefs through peer interactions
and conformity dynamics inherent in network structures. By integrating individual
learning mechanisms with social influence dynamics, this model not only enhances
empirical relevance but also provides a more realistic representation of agents’ decision-
making processes. In contrast to the nested heuristic switching model (xy = 0) or the
fully network-dependent DeGroot model (y = 1), the integrated framework captures
a spectrum of behaviors where agents are partially driven by their own forecasting
performance and partially by the influence of their peers.

In the benchmark scenario, where no behavioral intervention is applied, the natural
propagation of narratives results in a decline in the share of naive expectations and a
steady increase in target-based expectations as the persuasion parameter () rises. In
the intervention scenarios, the integrated model reveals that the mean share of target-
based expectations grows consistently with degree centrality when the central bank’s
target narrative is explicitly disseminated. This is accompanied by a marked reduc-
tion in inflation dispersion as x increases, reflecting a strong convergence toward the
central bank’s inflation target. Notably, the effectiveness of propagating the central
bank’s target narrative contrasts sharply with that of a naive expectations narrative.
While even moderate levels of social influence are sufficient for the target narrative to
stabilize inflation variability, a distorting naive narrative requires very high persua-
sion levels (i.e., x = 1) to significantly amplify instability. In essence, the benchmark
scenario demonstrates that target-based messaging naturally fosters stability under
moderate social influence, whereas a naive narrative must rely on near-total network
dependence to induce substantial instability, particularly among highly central agents.
Further supporting these findings, the impulse response functions indicate that as the
persuasion parameter () increases, both inflation and market expectations converge
more rapidly toward the rational expectations benchmark. This finding is consistent
with opinion dynamics studies (e.g., Degroot (1974); Hegselmann and Krause (2002)),
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which demonstrate that enhanced connectivity and social influence accelerate consen-
sus formation. In effect, stronger social influence emerges as a powerful mechanism for
realigning macroeconomic expectations following shocks.

Building on these findings, the observed decline in the standard deviation of infla-
tion, alongside the weakening correlation between inflation and market sentiment as
X increases, highlights a dual effect of heightened persuasive dynamics. On one hand,
stronger persuasive forces facilitate a convergence of agents’ expectations around influ-
ential, highly central actors who disseminate prevailing narratives. This convergence
fosters stabilization in inflation outcomes, measurable by reduced dispersion of infla-
tion rates. On the other hand, this stabilization effect simultaneously introduces the
risk of expectations becoming increasingly decoupled from economic fundamentals,
evident from a decline in the correlation between inflation and market sentiment. Such
decoupling suggests that while behavioral interventions anchored by central agents
can effectively reduce the inflation variability, they may inadvertently detach inflation
expectations from reality, potentially distorting economic decision-making. Moreover,
this dual role of central agents - as both stabilizers and potential amplifiers - parallels
findings from social contagion research in financial markets, indicating that narra-
tive dominance can either promote uniformity and stability or, conversely, exacerbate
market segmentation and belief polarization.

The model’s predictions align with existing literature on social contagion and belief
polarization, suggesting that the dynamics observed in the simulations reflect real-
world phenomena. Prior research demonstrates that agents’ forecasts are not formed in
isolation but are continuously adjusted based on the behavior of others, which can lead
to herd behavior and the amplification of shocks (Bargigli and Tedeschi 2014; Bailey
et al. 2018). This reliance on social information is evident in economic decision-making
under uncertainty, where individuals often depend on heuristic decision-making, imi-
tation, and conformity biases influenced by social networks and expert guidance
(Friedkin 1990; Llano-Gonzélez 2012; Charness et al. 2013). If a person perceives that
their peers have certain expectations about inflation or stock prices, they are likely to
conform and adjust their beliefs accordingly (Arrondel et al. 2022). Furthermore, the
observed decline in the correlation between inflation and market sentiment at higher
persuasion levels suggests a potential decoupling of expectations from economic fun-
damentals - a phenomenon with clear parallels in opinion dynamics research, where
strong social influence can sustain beliefs even in the face of contradictory evidence
(Llano-Gonzalez 2012). When network interactions, including exposure to filter bub-
bles or automated actors (bots), propagate specific narratives or misinformation about
inflation determinants, agents may disproportionately conform, causing temporary
economic shocks to be perceived as persistent (Flynn and Sastry 2025). Consequently,
price and wage adjustments may diverge from underlying fundamentals, weakening
central bank credibility and potentially initiating self-reinforcing cycles of inflation
expectation variability. This model captures these phenomena by combining heuris-
tic switching with a network-based belief updating mechanism, where the influence
of social interactions is modulated by the persuasion parameter (x). The averaging
effects emerging from network interactions are consistent with empirical findings on
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how investors rely on information shared within their social networks to guide decision-
making (Oldham 2019; Ivkovié¢ and Weisbenner 2007). Moreover, the model reveals
that social learning can simultaneously foster convergence in expectations and main-
tain persistent biases, depending on the underlying network structure and the nature
of information distributed among agents (Hong et al. 2004; Han and Yang 2013).
Additionally, this model provides a framework to analyze how social contagion and
conformity biases (Corazzini et al. 2012) prevalent in social networks contribute to the
formation and potential polarization or fragmentation of macroeconomic expectations
(Corazzini et al. 2012; Degroot 1974; Hegselmann and Krause 2002). Finally, recent
research incorporating heterogeneous activity levels into opinion dynamics models
demonstrates that differences in individuals’ frequency of interactions can significantly
influence the speed and nature of expectation convergence (Li and Porter 2023). Such
heterogeneity tends to slow down the consensus process, leading to more fragmented
belief distributions, thereby underscoring the importance of individual engagement
levels on collective belief updating. This model explicitly captures heterogeneity in
two distinct ways: first, through agents’ heterogeneous forecasting strategies - target-
based versus naive heuristics - that dynamically evolve based on past performance;
and second, through structural heterogeneity due to varying network positions (degree
centrality), which differentially amplify individual influence. In general, this approach
can be extended to any social opinion dynamics model that outputs a probability dis-
tribution over a discrete set of options. By combining it via a convex combination with
the heuristic switching framework, localized interactions are captured while preserving
the individual decision-making process.

While this study provides valuable insights, it also has limitations. The assumption
that agents hold coherent and consistent narratives oversimplies the complexity of indi-
vidual decision-making. Research by Coibion and Gorodnichenko (2015) has already
highlighted the role of information rigidity and its effects on expectation formation,
suggesting that individual cognitive biases significantly impact inflation expectations.
Additionally, studies by Driager and Lamla (2017) have shown that imperfect informa-
tion and consumer inflation expectations are influenced by the mode of information
delivery and personal experiences. Future research could explore more granular models
that incorporate cognitive biases and varying levels of information rigidity. Incorpo-
rating incomplete and asymmetric information could provide insights into the speed
and accuracy of information transmission and its impact on expectation stability.
My model could be extended to account for dynamic changes in social influence and
trust, which are crucial for understanding how macroeconomic expectations evolve in
response to external shocks. To better capture this dynamic nature, future simulations
could model evolving networks where weights adjust over time based on factors such as
the forecast error of the central bank or individual agents relative to their neighbors.
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6 Concluding Remarks

Overall, this study advances our understanding of expectation formation by explic-
itly capturing both the individual decision-making processes involved in heterogeneous
forecasting strategies and the systemic stabilization mechanisms that emerge from
network dynamics. At the individual level, social networks shape macroeconomic
expectations by influencing agents’ heuristic switching through differential peer pres-
sures - agents update their forecasts based both on their own past performance and on
the opinions of influential neighbors, as reflected by the persuasion parameter (). In
turn, at the systemic level, the aggregation of these heterogeneous interactions yields
convergence patterns that can either stabilize or destabilize overall inflation outcomes.
In particular, agents with high degree centrality wield disproportionate influence: when
they propagate a credible, policy-consistent narrative, they foster rapid convergence
and reduce market volatility; conversely, if distorting narratives predominate among
central agents, expectations may de-anchor, exacerbating systemic instability.

These findings have significant implications for monetary policy. By examining how
social networks influence economic behavior and expectations, this study highlights
the potential of leveraging network structures for effective policy transmission. Target-
ing influential agents and crafting clear, consistent narratives can enable central banks
to disseminate critical economic messages more efficiently - enhancing central bank
communication and forward guidance to stabilize economic expectations and reduce
market volatility. At the same time, policymakers must remain mindful of the hazards
posed by alternative narratives, which can trigger negative feedback loops and under-
mine policy credibility. Ultimately, effective monetary policy must balance the use of
social networks to harness positive peer influence while mitigating the risks associated
with distorting information.
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Appendix A Matrices
A.1 Indicator Matrix

The indicator matrix, IF € {0,1}"*2, represents the forecasting decisions of all agents
at time ¢ for variable k € {m, x}. Each row corresponds to an individual agent, while the
two columns represent the two forecasting heuristics: target-based and static (naive).
Specifically, it is defined as:

AP () [P - 1
Ak,tar t )\k,tar ) —1

Hf = 2 ( ) 2 ( ) = (Af(t))izl,..,n;ke{ﬂ',f} : (A]')
AR [ (6) ~ 1

Here, )\f’tar(t) denotes the forecasting decision of agent ¢ for variable k: it equals
1 if the agent selects the target-based heuristic, and 0 otherwise. Consequently,

)\f’tar(t) — 1‘ equals 1 when the agent does not choose the target-based heuristic (i.e.,

when the static, or naive, heuristic is adopted). This formulation ensures that each
agent’s decision is fully captured by the two columns of IF.

A.2 Switching Probabilities Matrix (SPM)

The Switching Probabilities Matrix, denoted as BY, captures the probabilities that
agents switch between forecasting heuristics at time ¢ for variable k. Each row corre-
sponds to an agent, and the two columns correspond to the two heuristics: target-based
(tar) and static (stat). We assume that all agents share the same switching probability
distribution: '

BEI(1) = BHI(t) Vi,
and define:

Bf,ta’l‘ (t) Bf,stat (t)

k,tar k,stat
’ t ’ t
pe _ |50 )

: . = (szd (t))iZI,..7n;k€{‘n’,I}%jE{tanstat} (A2)
SR (E) Bt
A.3 Conformity Probability Matrix

The Conformity Probability Matrix, denoted as CF, reflects the influence of social
interactions on agents’ forecasting decisions. It is computed as the product of the Trust
Matrix and the Indicator Matrix from the previous period:

CPMF=CF=1.1¢ | (A3)
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(1) ¢ ()
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Each element Qk J (t) in C¥ represents the aggregate influence from all of agent i’s
neighbors on the likelihood of adopting heuristic j for variable k at time ¢.

A.4 'Weighted Probability Matrix

The Weighted Probability Matrix, denoted as 2F, integrates two distinct models: the
individual-based switching probabilities from the SPM and the network-based confor-
mity effects from the CPM. This integration is achieved via a convex combination,
governed by the persuasion parameter x, ranging between 0 and 1, which modulates
the balance between an agent’s personal forecasting performance and the influence of
their social network:

Of = xCf + (1 - x) BY. (A6)

Element-wise, this is expressed as: with
wi () =x- G () + (1= x) - 577 (1), (A7)
e.g.

o ) (1= ) % A5 1) 0 GBI 4+ (1= x) A 1)
X G () 4 (1= x) % By T () X+ G (1) + (1= x) % B3 " (¢)

(A8)
X Gt (8) (1= x) % BRter () x o+ Gt () + (1 — x) * B (t)
s
wy () wy (1) :
= . . = (wll‘%] (t))i:l,..,n;ke{ﬂ,m};je{tar,stat} (AQ)

wfb,mr (t) wicl,stat (t)

where wf J (t) is the effective switching probability for agent i to select heuristic j for
variable k at time t. A higher y value indicates greater reliance on social influence,
whereas a lower x reflects a higher confidence in individual judgment.
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Appendix B Analytical Solutions

B.1 Solution of the behavioural model

The solution of the behavioural model is found by substituting (3) into (1) as well
as the forecasts specified in (21) and (22) into (1) and (2) and rewriting in matrix
notation. This yields:

[1 + agea(1 — e3) agey (1 — cg)] [agﬂ

—b2 1 Tt
A Zq
L+ aywift —a wte! Te1| |
0 1+ blwfrf?t - b1 Tt—1
N ~~ /Rﬂ
By Lig—y
N agwfrfgt —ager(ez — 1) | L —agel + €F
bywt®y 0o |t €
N ~~ - ~—— ———
a b Et

i.e.
AZy = BiZi—1 + arn™ + bi_q1 + &

where bold characters refer to matrices and vectors. The solution for Z; is given by
Zt = A_I[Btzt_]]_ + an” + bit_l + Et] (BlO)
The solution exists if the matrix A is non-singular, i.e. (1+ asca(1 —¢3)) + baaser (1 —

c3) # 0. The system describes the solutions for 7; and y;. Finally, the solution for i;
is found by substituting z; and m; obtained from (23) into (3)
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B.2 Deriving impulse responses using the "Method of
Undetermined Coefficients’

The demand side of the economy is represented by the New Keynesian IS curve:

2y = a1 By (1) + (1 — a))zi—1 — ag(iy — Ey(mg1)) + €7 (B11)
The supply side of the economy is described by the New Keynesian Phillips curve
(NKPC):

T = blEt(Ft+1) + (1 — bl)ﬂ't,1 + box; + 6? (Bl?)
The central bank’s response is modeled by the Taylor rule:

it = (1 — 63)[01(7& — ’/T*) + CQZL’t] + Cg’L't,1 + Ei (B].?))

We assume that €7, €, and €} follow a white-noise process, i.e.

€ =G
€ =N (B14)
Ei = qt

We make the following guesses for the solutions of 7; and x;:

= YRel +UTel + Yne;

T _x T T i1 (B15)
Ty = Yre el + UL

%

To determine the values of ¥, ¢, 1% T T and 9% we substitute the guesses and
the random walk processes back into the IS Equation:

Ter T e Hhes = a1 By (VECr T e+ i) H(1—a1) w1 —az (is — Ey(YEGqr + Vner + i) +ef
Given that Ei(i+1 = Eymip1 = Eiéip1 = 0, this simplifies to:
Vrey + e +Uie; = —as(cim + come + €)) + €f

Collect terms involving €7, €7, and € to solve for the coefficients yields:

® For €f:
’(/)a: - _a262'(/}w +1
e For €]:
T T
wm - —(1201@/1#
® For €;:

YL = —ascatpl + 1
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Substituting the guesses and the random walk processes back into the NK Phillips
Curve yields:

VI + YTl +lel = by By(YECip1 + VN1 +hEin) + bo(Yier + YT el +lel) +ef
Given that Etgt—&-l = Etnt—f—l = Et§t+1 = 07 this Simpliﬁes to:
VEel + el + Vel = ba(Viel + il +Pher) + €

Collect terms involving €7, €7, and € to solve for the coefficients yields:

e For €}:
Y = bat)y
® For €]:
Yr =bay +1
* For i
Ve = ot
To solve for the coefficients ¥, 7, i, %, T, and ¥i, we equate the corresponding

coefficients from the IS equation and the NK Phillips Curve.

For €}:
From the IS equation:
Yy = —azehy +1
From the NK Phillips Curve:
Y = batpy
Substitute ¥ = botpZ into the IS equation:

Yy = —agca)y + 1

Vr(1+aze) =1

. 1
Yy = 1T arey (B16)
U = byt = — 2 (B17)
g r 1+ ages
For ¢
From the IS equation:
7/12 = —02011/)77;

From the NK Phillips Curve:
Yr =bothy +1
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Substitute T = bayy] + 1 into the IS equation:
Yy = —agcr(baypy + 1)

1/);1—(1 + CLQCle) = —asCq
—asC1

= B18
Va 1+ azciby (B18)
1
T=botp7 +1= ———— B19
wﬂ' 2d)l + 1+a201b2 ( )
For ¢
From the IS equation: ‘ A
Py, = —agxcapy, + 1
From the NK Phillips Curve: 4 4
VY = botly,
Substitute ¢ = bytpl into the IS equation:
P14 ages) =1
N (B20)
] + asco
, . by
L =bot)) = ————— B21
wﬂ 2’(/}:1: 1+ agcy ( )
To summarize, the coefficients are:
. ba
1/}7r = 17
+ asco
. 1
R .
—+ asco
7r 1
Y =TT
1+ azciby
a2
wx 1 + ascy by
i b
¢7r = 17
—+ asco
Y=
r 14+ a9Co

To derive the impulse response functions for a one-period shock to inflation, we proceed
as follows:

1. Consider a one-period shock to inflation €], e.g. 7, = 1. Thismeans €] =1l att =0
and € =0 for ¢t > 0.
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. At t = 0, the shock affects mp and xz( directly. Using the coefficients ¢} and 7 :

1
T T
7]'0:'[)[}6 = ——
0 14+ ascrbs
—a2C1
T T
ajozwﬁ = ——
z=0 1+0261b2

. For ¢t > 0, the shock €] returns to 0, but the model’s dynamics will cause 7 and z; to
adjust over time based on the previous periods’ values and the model’s parameters.
. Use the model equations to find the values in subsequent periods. Recall the
equations:

zr = a1 By (ze1) + (1 — ar)ze_y — ag(is — Ey(miy1)) + €F

Ty = blEt(Ti't+1) + (1 - b1>71't_1 + bgl’t + 6:
it = (1 —c3)[er(me — ) + come] + c3it—1 + €}
Given that €] = 0 for ¢ > 0, the impulse response will depend on the dynamics set
in motion by the initial shock at t = 0.
. Fort=1:
T = blEl(’/TQ) + b2£L’1
vy = Ei(z2) — az(iy — E1(m2))

il = (1 — Cg)[Cl(’]Tl — ’/T*) —+ 021'1] —+ Cg’it_l
Given that F1(m2) and Fj(x2) are the expected values based on the initial shock,
use the known values of my and x( to solve recursively for 7 and .
. Repeat this process for t = 2,3, ..., using the coefficients and recursive relationships
to trace out the path of 7m; and x;.

46



References

Akerlof GA, Shiller RJ (2010) Animal spirits: How human psychology drives the
economy, and why it matters for global capitalism. Princeton University Press,
Princeton, N.J Woodstock

Akerlof GA, Snower DJ (2016) Bread and bullets. Journal of Economic Behavior &
Organization 126:58-71

Anderson T, Dragicevi¢ S (2020) Complex spatial networks: Theory and geospatial
applications. Geography Compass 14(9):e12502

Andre P, Haaland I, Roth C, et al (2024) Narratives about the macroeconomy. SAFE
Working Paper 426, Frankfurt a. M., https://doi.org/10.2139/ssr1.4947636, URL
https://hdl.handle.net/10419/302567

Angelico C, Marcucci J, Miccoli M, et al (2022) Can we measure inflation expec-
tations using Twitter? Journal of Econometrics 228(2):259-277. https://doi.org/
10.1016/j.jeconom.2021.12.008, URL https://linkinghub.elsevier.com/retrieve/pii/
S0304407622000227

Anufriev M, Hommes C (2012) Evolutionary Selection of Individual Expectations and
Aggregate Outcomes in Asset Pricing Experiments. American Economic Journal:
Microeconomics 4(4):35-64. https://doi.org/10.1257 /mic.4.4.35, URL https://pubs.
aeaweb.org/doi/10.1257 /mic.4.4.35

Anufriev M, Assenza T, Hommes C, et al (2013) Interest rate rules and macroeconomic
stability under heterogeneous expectations. Macroeconomic Dynamics 17(8):1574—
1604

Aral S, Walker D (2012) Identifying influential and susceptible members of social
networks. Science 337(6092):337-341

Arifovic J, Bullard J, Kostyshyna O (2013) Social Learning and Monetary Policy
Rules. The Economic Journal 123(567):38-76. https://doi.org/10.1111/j.1468-0297.
2012.02525.x, URL https://academic.oup.com/ej/article/123/567/38-76 /5079959

Arrondel L, Calvo-Pardo H, Giannitsarou C, et al (2022) Informative social interac-
tions. Journal of Economic Behavior & Organization 203:246—263

Assenza T, Delli Gatti D (2019) The financial transmission of shocks in a simple hybrid
macroeconomic agent based model. Journal of Evolutionary Economics 29:265-297

Assenza T, Gatti DD (2013) E pluribus unum: Macroeconomic modelling for multi-
agent economies. Journal of Economic Dynamics and Control 37(8):1659-1682

Assenza T, Bao T, Hommes C, et al (2014) Experiments on Expectations in
Macroeconomics and Finance. In: Duffy J (ed) Experiments in Macroeconomics -

47


https://doi.org/10.2139/ssrn.4947636
https://hdl.handle.net/10419/302567
https://doi.org/10.1016/j.jeconom.2021.12.008
https://doi.org/10.1016/j.jeconom.2021.12.008
https://linkinghub.elsevier.com/retrieve/pii/S0304407622000227
https://linkinghub.elsevier.com/retrieve/pii/S0304407622000227
https://doi.org/10.1257/mic.4.4.35
https://pubs.aeaweb.org/doi/10.1257/mic.4.4.35
https://pubs.aeaweb.org/doi/10.1257/mic.4.4.35
https://doi.org/10.1111/j.1468-0297.2012.02525.x
https://doi.org/10.1111/j.1468-0297.2012.02525.x
https://academic.oup.com/ej/article/123/567/38-76/5079959

Research in Experimental Economics, vol 17. Emerald Group Publishing Limited,
p 11-70, https://doi.org/10.1108/50193-230620140000017002, URL https://www.
emerald.com/insight /content /doi/10.1108/50193-230620140000017002/full/html

Assenza T, Cardaci A, Gatti DD, et al (2018) Policy experiments in an agent-based
model with credit networks. Economics 12(1):20180047

Azzimonti M, Fernandes M (2023) Social media networks, fake news, and polarization.
European journal of political economy 76:102256

Bailey M, Cao R, Kuchler T, et al (2018) The Economic Effects of Social Networks:
Evidence from the Housing Market. Journal of Political Economy 126(6):2224-2276.
https://doi.org/10.1086/700073, URL https://www.journals.uchicago.edu/doi/10.
1086/700073

Bao T, Hommes C, Pei J (2021) Expectation formation in finance and macroe-
conomics: A review of new experimental evidence. Journal of Behavioral and
Experimental Finance 32:100591

Barabdsi AL (2009) Scale-free networks: a decade and beyond. Science 325(5939):412—
413

Barabdsi AL, Albert R (1999) Emergence of Scaling in Random Networks. Sci-
ence 286(5439):509-512. https://doi.org/10.1126/science.286.5439.509, URL https:
//www.science.org/doi/10.1126 /science.286.5439.509, publisher: American Associ-
ation for the Advancement of Science

Bargigli L, Tedeschi G (2014) Interaction in agent-based economics: A survey on the
network approach. Physica A: Statistical Mechanics and its Applications 399:1—
15. https://doi.org/10.1016/j.physa.2013.12.029, URL https://linkinghub.elsevier.
com/retrieve/pii/S0378437113011539

Baumann F, Lorenz-Spreen P, Sokolov IM, et al (2021a) Emergence of polar-
ized ideological opinions in multidimensional topic spaces. Physical Review X
11(1):011012

Baumann U, Darracq Paries M, Westermann T, et al (2021b) Inflation Expectations
and Their Role in Eurosystem Forecasting. Occasional paper series / European
Central Bank 264

Beckers B, Kholodilin KA, Ulbricht D (2017) Reading between the lines: Using media
to improve german inflation forecasts. DIW Berlin Discussion Paper, No 1665 https:
//doi.org/10.2139/ssrn.2970466, URL https://ssrn.com/abstract=2970466

Beckert J (2013) Imagined futures: fictional expectations in the economy. Theory and
society 42:219-240

48


https://doi.org/10.1108/S0193-230620140000017002
https://www.emerald.com/insight/content/doi/10.1108/S0193-230620140000017002/full/html
https://www.emerald.com/insight/content/doi/10.1108/S0193-230620140000017002/full/html
https://doi.org/10.1086/700073
https://www.journals.uchicago.edu/doi/10.1086/700073
https://www.journals.uchicago.edu/doi/10.1086/700073
https://doi.org/10.1126/science.286.5439.509
https://www.science.org/doi/10.1126/science.286.5439.509
https://www.science.org/doi/10.1126/science.286.5439.509
https://doi.org/10.1016/j.physa.2013.12.029
https://linkinghub.elsevier.com/retrieve/pii/S0378437113011539
https://linkinghub.elsevier.com/retrieve/pii/S0378437113011539
https://doi.org/10.2139/ssrn.2970466
https://doi.org/10.2139/ssrn.2970466
https://ssrn.com/abstract=2970466

Beckert J (2016) Imagined futures: Fictional expectations and capitalist dynamics.
Harvard UP

Beckert J, Bronk R (2018) Uncertain futures: Imaginaries, narratives, and calculation
in the economy. Oxford University Press

Benhammada S, Amblard F, Chikhi S (2021) An Agent-Based Model to Study Infor-
mational Cascades in Financial Markets. New Generation Computing 39(2):409—
436. https://doi.org/10.1007/s00354-021-00133-3, URL https://link.springer.com/
10.1007/s00354-021-00133-3

Bertella MA, Silva JN, Correa AL, et al (2021) The influence of confidence and social
networks on an agent-based model of stock exchange. Complexity 2021:1-16

Biondi Y, Zhou F (2019) Interbank credit and the money manufacturing process:
a systemic perspective on financial stability. Journal of Economic Interaction
and Coordination 14(3):437-468. https://doi.org/10.1007/s11403-018-0230-y, URL
http://link.springer.com/10.1007 /s11403-018-0230-y

Blattner TS, Margaritov E (2010) Towards a Robust Monetary Policy Rule for the
Euro Area. Working Paper Series No. 1210, European Central bank

Blinder AS, Ehrmann M, Fratzscher M, et al (2008) Central bank communication and
monetary policy: A survey of theory and evidence. Journal of economic literature
46(4):910-945

Blinder AS, Ehrmann M, De Haan J, et al (2024) Central bank communication with
the general public: Promise or false hope? Journal of Economic Literature 62(2):425—
457

Born B, Ehrmann M, Fratzscher M (2014) Central bank communication on financial
stability. The Economic Journal 124(577):701-734

Branch WA (2004) The Theory of Rationally Heterogeneous Expectations: Evidence
from Survey Data on Inflation Expectations. The Economic Journal 114(497):592—
621. https://doi.org/10.1111/j.1468-0297.2004.00233.x, URL https://academic.oup.
com/ej/article/114/497/592-621 /5085688

Branch WA, McGough B (2010) Dynamic predictor selection in a new Keyne-
sian model with heterogeneous expectations. Journal of Economic Dynamics and
Control 34(8):1492-1508. https://doi.org/10.1016/j.jedc.2010.03.012, URL https:
//linkinghub.elsevier.com/retrieve/pii/S0165188910000709

Brazier A, Harrison R, King M, et al (2008) The Danger of Inflating Expectations of
Macroeconomic Stability: Heuristic Switching in an Overlapping-Generations Mon-
etary Model. International Journal of Central Banking 4(2):219-254. URL https:
//ideas.repec.org//a/ijc/ijcjou/y2008q2a6.html, publisher: International Journal of

49


https://doi.org/10.1007/s00354-021-00133-3
https://link.springer.com/10.1007/s00354-021-00133-3
https://link.springer.com/10.1007/s00354-021-00133-3
https://doi.org/10.1007/s11403-018-0230-y
http://link.springer.com/10.1007/s11403-018-0230-y
https://doi.org/10.1111/j.1468-0297.2004.00233.x
https://academic.oup.com/ej/article/114/497/592-621/5085688
https://academic.oup.com/ej/article/114/497/592-621/5085688
https://doi.org/10.1016/j.jedc.2010.03.012
https://linkinghub.elsevier.com/retrieve/pii/S0165188910000709
https://linkinghub.elsevier.com/retrieve/pii/S0165188910000709
https://ideas.repec.org//a/ijc/ijcjou/y2008q2a6.html
https://ideas.repec.org//a/ijc/ijcjou/y2008q2a6.html

Central Banking

Brock WA, Hommes CH (1997) A rational route to randomness. Econometrica:
Journal of the Econometric Society pp 1059-1095

Brock WA, Hommes CH (1998) Heterogeneous beliefs and routes to chaos in a simple
asset pricing model. Journal of Economic Dynamics and Control 22(8-9):1235-1274.
https://doi.org/10.1016/5S0165-1889(98)00011-6, URL https://linkinghub.elsevier.
com/retrieve/pii/S0165188998000116

Buechel B, Hellmann T, Kléfiner S (2015) Opinion dynamics and wisdom under
conformity. Journal of Economic Dynamics and Control 52:240-257. https://doi.
org/10.1016/j.jedc.2014.12.006, URL https://linkinghub.elsevier.com/retrieve/pii/
S0165188914003315

Carroll CD (2003) Macroeconomic Expectations of Households and Professional Fore-
casters. The Quarterly Journal of Economics 118(1):269-298. https://doi.org/10.
1162,/00335530360535207, URL https://academic.oup.com/qje/article-lookup/doi/
10.1162/00335530360535207

Casiraghi M, Perez LP (2022) Central bank communications. IMF Technical Assis-
tance Handbook

Chandrasekhar AG, Larreguy H, Xandri JP (2020) Testing Models of Social Learning
on Networks: Evidence From Two Experiments. Econometrica 88(1):1-32. https:
//doi.org/10.3982/ECTA14407, URL https://www.econometricsociety.org/doi/10.
3982/ECTA14407

Charness G, Karni E, Levin D (2013) Ambiguity attitudes and social interactions: An
experimental investigation. Journal of Risk and Uncertainty 46:1-25

Choi S, Gale D, Kariv S (2008) Sequential equilibrium in monotone games:
A theory-based analysis of experimental data. Journal of Economic Theory
143(1):302-330. https://doi.org/10.1016/j.jet.2008.03.001, URL https://linkinghub.
elsevier.com/retrieve/pii/S0022053108000471

Cieslak A, Schrimpf A (2019) Non-monetary news in central bank communication.
Journal of International Economics 118:293-315

Clarida R, Gali J, Gertler M (2000) Monetary Policy Rules and Macroeconomic
Stability: Evidence and Some Theory*. Quarterly Journal of Economics 115(1):147—
180. https://doi.org/10.1162/003355300554692, URL https://academic.oup.com/
qje/article-lookup/doi/10.1162/003355300554692

Clemente GP, Grassi R, Pederzoli C (2020) Networks and market-based mea-
sures of systemic risk: the European banking system in the aftermath of the

50


https://doi.org/10.1016/S0165-1889(98)00011-6
https://linkinghub.elsevier.com/retrieve/pii/S0165188998000116
https://linkinghub.elsevier.com/retrieve/pii/S0165188998000116
https://doi.org/10.1016/j.jedc.2014.12.006
https://doi.org/10.1016/j.jedc.2014.12.006
https://linkinghub.elsevier.com/retrieve/pii/S0165188914003315
https://linkinghub.elsevier.com/retrieve/pii/S0165188914003315
https://doi.org/10.1162/00335530360535207
https://doi.org/10.1162/00335530360535207
https://academic.oup.com/qje/article-lookup/doi/10.1162/00335530360535207
https://academic.oup.com/qje/article-lookup/doi/10.1162/00335530360535207
https://doi.org/10.3982/ECTA14407
https://doi.org/10.3982/ECTA14407
https://www.econometricsociety.org/doi/10.3982/ECTA14407
https://www.econometricsociety.org/doi/10.3982/ECTA14407
https://doi.org/10.1016/j.jet.2008.03.001
https://linkinghub.elsevier.com/retrieve/pii/S0022053108000471
https://linkinghub.elsevier.com/retrieve/pii/S0022053108000471
https://doi.org/10.1162/003355300554692
https://academic.oup.com/qje/article-lookup/doi/10.1162/003355300554692
https://academic.oup.com/qje/article-lookup/doi/10.1162/003355300554692

financial crisis. Journal of Economic Interaction and Coordination 15(1):159-
181. https://doi.org/10.1007/s11403-019-00247-4, URL http://link.springer.com/
10.1007/s11403-019-00247-4

Coibion O, Gorodnichenko Y (2015) Information rigidity and the expectations for-
mation process: A simple framework and new facts. American Economic Review
105(8):2644-2678

Coibion O, Gorodnichenko Y, Kumar S, et al (2020a) Inflation expectations as a policy
tool? Journal of International Economics 124:103297

Coibion O, Gorodnichenko Y, Ropele T (2020b) Inflation expectations and firm
decisions: New causal evidence. The Quarterly Journal of Economics 135(1):165-219

Coibion O, Gorodnichenko Y, Kumar S, et al (2021) Do you know that i know that you
know. .. 7 higher-order beliefs in survey data. The Quarterly Journal of Economics
136(3):1387-1446

Coibion O, Gorodnichenko Y, Weber M (2022) Monetary policy communications
and their effects on household inflation expectations. Journal of Political Economy
130(6):1537-1584

Collier P, Tuckett D (2021) Narratives as a coordinating device for reversing regional
disequilibrium. Oxford Review of Economic Policy 37(1):97-112

Corazzini L, Pavesi F, Petrovich B, et al (2012) Influential listeners: An experiment
on persuasion bias in social networks. European Economic Review 56(6):1276-1288.
https://doi.org/10.1016/j.euroecorev.2012.05.005, URL https://linkinghub.elsevier.
com/retrieve/pii/S0014292112000670

Dawid H, Delli Gatti D (2018) Agent-Based Macroeconomics. In: Handbook of Com-
putational Economics, vol 4. Elsevier, p 63-156, https://doi.org/10.1016/bs.hescom.
2018.02.006, URL https://linkinghub.elsevier.com/retrieve/pii/S1574002118300066

De Grauwe P (2011) Animal spirits and monetary policy. Economic Theory
47(2):423-457. https://doi.org/10.1007/s00199-010-0543-0, URL https://doi.org/
10.1007/s00199-010-0543-0

De Grauwe P, Foresti P (2020) Animal Spirits and Fiscal Policy. Journal of Economic
Behavior & Organization 171:247-263. https://doi.org/10.1016/j.jebo.2020.01.015,
URL https://linkinghub.elsevier.com/retrieve/pii/S0167268120300159

De Grauwe P, Foresti P (2023) Interactions of fiscal and monetary policies under

waves of optimism and pessimism. Journal of Economic Behavior & Organization
212:466-481

51


https://doi.org/10.1007/s11403-019-00247-4
http://link.springer.com/10.1007/s11403-019-00247-4
http://link.springer.com/10.1007/s11403-019-00247-4
https://doi.org/10.1016/j.euroecorev.2012.05.005
https://linkinghub.elsevier.com/retrieve/pii/S0014292112000670
https://linkinghub.elsevier.com/retrieve/pii/S0014292112000670
https://doi.org/10.1016/bs.hescom.2018.02.006
https://doi.org/10.1016/bs.hescom.2018.02.006
https://linkinghub.elsevier.com/retrieve/pii/S1574002118300066
https://doi.org/10.1007/s00199-010-0543-0
https://doi.org/10.1007/s00199-010-0543-0
https://doi.org/10.1007/s00199-010-0543-0
https://doi.org/10.1016/j.jebo.2020.01.015
https://linkinghub.elsevier.com/retrieve/pii/S0167268120300159

De Grauwe P, Ji'Y (2019) Inflation Targets and the Zero Lower Bound in a Behavioural
Macroeconomic Model. Economica 86(342):262-299. https://doi.org/10.1111/ecca.
12261, URL https://onlinelibrary.wiley.com/doi/10.1111/ecca.12261

De Grauwe P, Ji Y (2020) Structural reforms, animal spirits, and monetary policies.
European Economic Review 124:103395. https://doi.org/10.1016/j.euroecorev.2020.
103395, URL https://linkinghub.elsevier.com/retrieve/pii/S0014292120300271

De Grauwe P, Ji Y (2023) On the use of current and forward-looking data in monetary
policy: a behavioural macroeconomic approach. Oxford Economic Papers 75(2):526—
552

Degroot MH (1974) Reaching a Consensus. Journal of the American Statisti-
cal Association 69(345):118-121. https://doi.org/10.1080/01621459.1974.10480137,
URL http://www.tandfonline.com/doi/abs/10.1080/01621459.1974.10480137

Dosi G, Fagiolo G, Roventini A (2009) The microfoundations of business cycles:
an evolutionary, multi-agent model. Schumpeterian Perspectives on Innovation,
Competition and Growth pp 161-180

Dosi G, Fagiolo G, Roventini A (2010) Schumpeter meeting keynes: A policy-friendly
model of endogenous growth and business cycles. Journal of economic dynamics and
control 34(9):1748-1767

Dréger L (2023) Central bank communication with the general public. CESifo Working
Paper Series (10713)

Dréger L, Lamla MJ (2017) Imperfect information and consumer inflation expec-
tations: Evidence from microdata. Oxford Bulletin of Economics and Statistics
79(6):933-968

Easaw J, Mossay P (2015) Households forming macroeconomic expectations: inatten-
tive behavior with social learning. The BE Journal of Macroeconomics 15(1):339-363

Erdos P, Rényi A, et al (1960) On the evolution of random graphs. Publ math inst
hung acad sci 5(1):17-60

Fagiolo G, Roventini A (2017) Macroeconomic policy in dsge and agent-based
models redux: New developments and challenges ahead. Journal of Artificial Soci-
eties and Social Simulation 20(1):1. https://doi.org/10.18564 /jasss.3280, URL http:
//jasss.soc.surrey.ac.uk/20/1/1.html, received: 07-07-2016, Accepted: 14-10-2016,
Published: 31-01-2017

Farmer JD, Foley D (2009) The economy needs agent-based modelling. Nature
460(7256):685-686

92


https://doi.org/10.1111/ecca.12261
https://doi.org/10.1111/ecca.12261
https://onlinelibrary.wiley.com/doi/10.1111/ecca.12261
https://doi.org/10.1016/j.euroecorev.2020.103395
https://doi.org/10.1016/j.euroecorev.2020.103395
https://linkinghub.elsevier.com/retrieve/pii/S0014292120300271
https://doi.org/10.1080/01621459.1974.10480137
http://www.tandfonline.com/doi/abs/10.1080/01621459.1974.10480137
https://doi.org/10.18564/jasss.3280
http://jasss.soc.surrey.ac.uk/20/1/1.html
http://jasss.soc.surrey.ac.uk/20/1/1.html

Flynn J, Sastry K (2025) How animal spirits affect the economy. IMF
F&D Magazine URL https://www.imf.org/en/Publications/fandd /issues/2025/03/
how-animal-spirits-affect-the-economy-karthik-sastry

Flynn JP, Sastry K (2024) The Macroeconomics of Narratives. NBER Working Paper
32602

Franke R, Westerhoff F (2018) Taking Stock: A Rigorous Modelling of Ani-
mal Spirits in Macroeconomics. In: Veneziani R, Zamparelli L (eds) Analytical
Political Economy. John Wiley & Sons, Ltd, Oxford, UK, p 5-38, https://
doi.org/10.1002/9781119483328.ch2, URL https://onlinelibrary.wiley.com/doi/10.
1002/9781119483328.ch2

Friedkin NE (1990) Social networks in structural equation models. Social Psychology
Quarterly pp 316-328

Gabaix X (2016) Power laws in economics: An introduction. Journal of Economic
Perspectives 30(1):185-206

Gabaix X (2020) A Behavioral New Keynesian Model. American Economic
Review 110(8):2271-2327. https://doi.org/10.1257 /aer.20162005, URL https://
pubs.acaweb.org/doi/10.1257 /aer.20162005

Galanis G, Kollias I, Leventidis I, et al (2022) Generalizing heuristic switching models.
AWT Discussion Paper Series (No. 715)

Gali J (2008) Monetary policy, inflation, and the business cycle: an introduction to
the new Keynesian framework. Princeton University Press, Princeton, N.J, oCLC:
ocn177826088

Gigerenzer G, Selten R (2002) Bounded rationality: The adaptive toolbox. MIT press,
Cambridge, Mass.

Gorodnichenko Y, Pham T, Talavera O (2021) Social media, sentiment and pub-
lic opinions: Evidence from #Brexit and #USElection. European FEconomic
Review 136:103772. https://doi.org/10.1016/j.euroecorev.2021.103772, URL https:
//linkinghub.elsevier.com /retrieve /pii/S0014292121001252

Han B, Yang L (2013) Social Networks, Information Acquisition, and Asset Prices.
Management Science 59(6):1444-1457. https://doi.org/10.1287/mnsc.1120.1678,
URL http://pubsonline.informs.org/doi/10.1287/mnsc.1120.1678

Hatcher M, Hellmann T (2023) Communication, networks and asset price dynamics:
a survey. Journal of Economic Interaction and Coordination pp 1-58

Hegselmann R, Krause U (2002) Opinion dynamics and bounded confidence: models,
analysis and simulation. J Artif Soc Soc Simul 5. URL https://api.semanticscholar.

53


https://www.imf.org/en/Publications/fandd/issues/2025/03/how-animal-spirits-affect-the-economy-karthik-sastry
https://www.imf.org/en/Publications/fandd/issues/2025/03/how-animal-spirits-affect-the-economy-karthik-sastry
https://doi.org/10.1002/9781119483328.ch2
https://doi.org/10.1002/9781119483328.ch2
https://onlinelibrary.wiley.com/doi/10.1002/9781119483328.ch2
https://onlinelibrary.wiley.com/doi/10.1002/9781119483328.ch2
https://doi.org/10.1257/aer.20162005
https://pubs.aeaweb.org/doi/10.1257/aer.20162005
https://pubs.aeaweb.org/doi/10.1257/aer.20162005
https://doi.org/10.1016/j.euroecorev.2021.103772
https://linkinghub.elsevier.com/retrieve/pii/S0014292121001252
https://linkinghub.elsevier.com/retrieve/pii/S0014292121001252
https://doi.org/10.1287/mnsc.1120.1678
http://pubsonline.informs.org/doi/10.1287/mnsc.1120.1678
https://api.semanticscholar.org/CorpusID:8130429
https://api.semanticscholar.org/CorpusID:8130429

org/CorpusID:8130429

Hommes C (2011) The heterogeneous expectations hypothesis: Some evidence from
the lab. Journal of Economic Dynamics and Control 35(1):1-24. https://doi.
org/10.1016/j.jedc.2010.10.003, URL https://linkinghub.elsevier.com /retrieve/pii/
5016518891000223X

Hommes C (2013) Behavioral Rationality and Heterogeneous Expectations in Com-
plex Economic Systems. Cambridge University Press, Cambridge, https://doi.
org/10.1017/CB0O9781139094276, URL https://www.cambridge.org/core/books/
behavioral-rationality-and-heterogeneous-expectations-in-complex-economic-systems/
191B74239D7BCDD4286AD128CEC7B435

Hommes C (2021) Behavioral and experimental macroeconomics and policy analysis:
A complex systems approach. Journal of Economic Literature 59(1):149-219

Hommes C, Lustenhouwer J (2019a) Inflation targeting and liquidity traps under
endogenous credibility. Journal of Monetary Economics 107:48-62

Hommes C, Lustenhouwer J (2019b) Managing unanchored, heterogeneous expecta-
tions and liquidity traps. Journal of Economic Dynamics and Control 101:1-16

Hommes C, Makarewicz T, Massaro D, et al (2017) Genetic algorithm learn-
ing in a New Keynesian macroeconomic setup. Journal of Evolutionary Eco-
nomics 27(5):1133-1155. https://doi.org/10.1007/s00191-017-0511-y, URL http://
link.springer.com/10.1007/s00191-017-0511-y

Hong H, Kubik JD, Stein JC (2004) Social interaction and stock-market participation.
The journal of finance 59(1):137-163

Huang JP, Zhang Y, Wang J (2023) Dynamic effects of social influence on asset prices.
Journal of Economic Interaction and Coordination 18(3):671-699

Tori G, Mantegna RN (2018) Empirical Analyses of Networks in Finance. In: Hand-
book of Computational Economics, vol 4. Elsevier, p 637-685, https://doi.org/
10.1016/bs.hescom.2018.02.005, URL https://linkinghub.elsevier.com /retrieve/pii/
S1574002118300054

Ivkovi¢ Z, Weisbenner S (2007) Information diffusion effects in individual investors’
common stock purchases: Covet thy neighbors’ investment choices. The Review of
Financial Studies 20(4):1327-1357

Jackson MO, et al (2008) Social and economic networks, vol 3. Princeton university
press Princeton

Jang TS, Sacht S (2022) Macroeconomic dynamics under bounded rationality: on
the impact of consumers’ forecast heuristics. Journal of Economic Interaction and

o4


https://api.semanticscholar.org/CorpusID:8130429
https://api.semanticscholar.org/CorpusID:8130429
https://doi.org/10.1016/j.jedc.2010.10.003
https://doi.org/10.1016/j.jedc.2010.10.003
https://linkinghub.elsevier.com/retrieve/pii/S016518891000223X
https://linkinghub.elsevier.com/retrieve/pii/S016518891000223X
https://doi.org/10.1017/CBO9781139094276
https://doi.org/10.1017/CBO9781139094276
https://www.cambridge.org/core/books/behavioral-rationality-and-heterogeneous-expectations-in-complex-economic-systems/191B74239D7BCDD4286AD128CEC7B435
https://www.cambridge.org/core/books/behavioral-rationality-and-heterogeneous-expectations-in-complex-economic-systems/191B74239D7BCDD4286AD128CEC7B435
https://www.cambridge.org/core/books/behavioral-rationality-and-heterogeneous-expectations-in-complex-economic-systems/191B74239D7BCDD4286AD128CEC7B435
https://doi.org/10.1007/s00191-017-0511-y
http://link.springer.com/10.1007/s00191-017-0511-y
http://link.springer.com/10.1007/s00191-017-0511-y
https://doi.org/10.1016/bs.hescom.2018.02.005
https://doi.org/10.1016/bs.hescom.2018.02.005
https://linkinghub.elsevier.com/retrieve/pii/S1574002118300054
https://linkinghub.elsevier.com/retrieve/pii/S1574002118300054

Coordination 17(3):849-873

Khashanah K, Alsulaiman T (2016) Network theory and behavioral finance in a hetero-
geneous market environment. Complexity 21(S2):530-554. https://doi.org/10.1002/
cplx.21834, URL https://onlinelibrary.wiley.com/doi/10.1002/cplx.21834

Khashanah K, Alsulaiman T (2017) Connectivity, Information Jumps, and Mar-
ket Stability: An Agent-Based Approach. Complexity 2017:1-16. https://doi.
org/10.1155/2017/6752086, URL https://www.hindawi.com/journals/complexity/
2017/6752086/

Lamla M, Vinogradov DV (2021) Is the word of a gentleman as good as his tweet?
policy communications of the bank of england. Working Paper Series in Economics
403, Liineburg, URL https://hdl.handle.net/10419/234592

Lamla MJ, Vinogradov DV (2019) Central bank announcements: Big news for little
people? Journal of Monetary Economics 108:21-38

Larsen VH, Thorsrud LA, Zhulanova J (2021) News-driven inflation expectations and
information rigidities. Journal of Monetary Economics 117:507-520

Lengnick M, Wohltmann HW (2016) Optimal monetary policy in a new Keynesian
model with animal spirits and financial markets. Journal of Economic Dynamics
and Control 64:148-165. https://doi.org/10.1016/j.jedc.2016.01.003, URL https://
linkinghub.elsevier.com/retrieve /pii/S0165188916000117

Li GJ, Porter MA (2023) Bounded-confidence model of opinion dynamics with
heterogeneous node-activity levels. Physical Review Research 5(2):023179

Llano-Gonzéalez R (2012) Fowler, j. & christakis, n.(2009). connected: the surprising
power of our social networks and how they shape our lives. new york: Little, brown
and company. Palabra Clave 15:339-342

Luan S, Reb J, Gigerenzer G (2019) Ecological Rationality: Fast-and-Frugal Heuristics
for Managerial Decision Making under Uncertainty. Academy of Management Jour-
nal 62(6):1735-1759. https://doi.org/10.5465/amj.2018.0172, URL http://journals.
aom.org/doi/10.5465/amj.2018.0172

Luarn P, Yang JC, Chiu YP (2014) The network effect on information dissemina-
tion on social network sites. Computers in Human Behavior 37:1-8. https://doi.
org/10.1016/j.chb.2014.04.019, URL https://linkinghub.elsevier.com/retrieve/pii/
50747563214002283

Lustenhouwer J (2021) Unanchored expectations: Self-reinforcing liquidity traps and
multiple steady states. Macroeconomic Dynamics 25(4):845-873

Lux T, Westerhoftf F (2009) Economics crisis. Nature Physics 5(1):2-3

55


https://doi.org/10.1002/cplx.21834
https://doi.org/10.1002/cplx.21834
https://onlinelibrary.wiley.com/doi/10.1002/cplx.21834
https://doi.org/10.1155/2017/6752086
https://doi.org/10.1155/2017/6752086
https://www.hindawi.com/journals/complexity/2017/6752086/
https://www.hindawi.com/journals/complexity/2017/6752086/
https://hdl.handle.net/10419/234592
https://doi.org/10.1016/j.jedc.2016.01.003
https://linkinghub.elsevier.com/retrieve/pii/S0165188916000117
https://linkinghub.elsevier.com/retrieve/pii/S0165188916000117
https://doi.org/10.5465/amj.2018.0172
http://journals.aom.org/doi/10.5465/amj.2018.0172
http://journals.aom.org/doi/10.5465/amj.2018.0172
https://doi.org/10.1016/j.chb.2014.04.019
https://doi.org/10.1016/j.chb.2014.04.019
https://linkinghub.elsevier.com/retrieve/pii/S0747563214002283
https://linkinghub.elsevier.com/retrieve/pii/S0747563214002283

Macaulay A, Song W (2023a) Narrative-driven fluctuations in sentiment: Evidence
linking traditional and social media. Tech. rep., Bank of Canada

Macaulay A, Song W (2023b) News media, inflation, and sentiment. AEA Papers and
Proceedings 113:172-176

MacKenzie D (2008) An engine, not a camera: How financial models shape markets.
Mit Press

Makarewicz T (2017) Contrarian Behavior, Information Networks and Heterogeneous
Expectations in an Asset Pricing Model. Computational Economics 50(2):231-
279. https://doi.org/10.1007/s10614-016-9607-y, URL http://link.springer.com/10.
1007/s10614-016-9607-y

Manski CF, McFadden D (eds) (1981) Structural analysis of discrete data with
econometric applications. MIT Press, Cambridge, Mass

Martins AC (2008) Mobility and social network effects on extremist opinions. Physical
Review E—Statistical, Nonlinear, and Soft Matter Physics 78(3):036104

McFadden D (1974) Conditional logit analysis of qualitative choice behavior. Frontiers
in econometrics

Miiller H, Schmidt T, Rieger J, et al (2022) A German Inflation Narrative. DoCMA
Working Paper No. 9, TU Dortmund University, Dortmund Center for Data-based
Media Analysis (DoCMA), Dortmund. https://doi.org/10.17877/DE290R-~22632,
URL https://eldorado.tu-dortmund.de/handle/2003 /40775, publisher: TU Dort-

mund

Newman ME (2003) The structure and function of complex networks. SIAM review
45(2):167-256

Oldham M (2019) Understanding How Short-Termism and a Dynamic Investor Net-
work Affects Investor Returns: An Agent-Based Perspective. Complexity 2019:1-21.
https://doi.org/10.1155/2019/1715624, URL https://www.hindawi.com/journals/
complexity,/2019/1715624/

Panchenko V, Gerasymchuk S, Pavlov OV (2013) Asset price dynamics with hetero-
geneous beliefs and local network interactions. Journal of Economic Dynamics and
Control 37(12):2623-2642. https://doi.org/10.1016/j.jedc.2013.06.015, URL https:
//linkinghub.elsevier.com/retrieve/pii/S0165188913001474

Pfajfar D, Zakelj B (2014) Experimental evidence on inflation expectation for-
mation. Journal of Economic Dynamics and Control 44:147-168. https://doi.
org/10.1016/j.jedc.2014.04.012, URL https://linkinghub.elsevier.com /retrieve/pii/
50165188914001079

o6


https://doi.org/10.1007/s10614-016-9607-y
http://link.springer.com/10.1007/s10614-016-9607-y
http://link.springer.com/10.1007/s10614-016-9607-y
https://doi.org/10.17877/DE290R-22632
https://eldorado.tu-dortmund.de/handle/2003/40775
https://doi.org/10.1155/2019/1715624
https://www.hindawi.com/journals/complexity/2019/1715624/
https://www.hindawi.com/journals/complexity/2019/1715624/
https://doi.org/10.1016/j.jedc.2013.06.015
https://linkinghub.elsevier.com/retrieve/pii/S0165188913001474
https://linkinghub.elsevier.com/retrieve/pii/S0165188913001474
https://doi.org/10.1016/j.jedc.2014.04.012
https://doi.org/10.1016/j.jedc.2014.04.012
https://linkinghub.elsevier.com/retrieve/pii/S0165188914001079
https://linkinghub.elsevier.com/retrieve/pii/S0165188914001079

Pfajfar D, Zakelj B (2018) Inflation Expectations And Monetary Policy
Design: Evidence From The Laboratory. Macroeconomic Dynamics 22(4):1035—
1075. URL https://ideas.repec.org//a/cup/macdyn/v22y2018i04p1035-1075-00.
html, publisher: Cambridge University Press

Proano CR, Lojak B (2020) Animal spirits, risk premia and monetary policy at the
zero lower bound. Journal of Economic Behavior & Organization 171:221-233

Rengs B, Scholz-Wickerle M (2019) Consumption & class in evolutionary macroeco-
nomics. Journal of Evolutionary Economics 29:229-263

Rengs B, Scholz-Wickerle M, van den Bergh J (2020) Evolutionary macroeconomic
assessment of employment and innovation impacts of climate policy packages.
Journal of Economic Behavior & Organization 169:332-368

Roos M, Reccius M (2024) Narratives in economics. Journal of Economic Surveys
38(2):303-341

Sartre JPJ (2000) Nausea. Penguin Classics.

Schmitt N (2021) Heterogeneoues expectations and asset price dynamics. Macroe-
conomic Dynamics 25(6):1538-1568. https://doi.org/10.1017/S1365100519000774,
URL  https://www.cambridge.org/core/product /identifier /S1365100519000774/
type/journal_article

Selten R (1998) Features of experimentally observed bounded rationality. Euro-
pean Economic Review 42(3-5):413-436. https://doi.org/10.1016/5S0014-2921(97)
00148-7, URL https://linkinghub.elsevier.com//retrieve/pii/S0014292197001487

Sharpe SA, Sinha NR, Hollrah CA (2023) The power of narrative sentiment in
economic forecasts. International Journal of Forecasting 39(3):1097-1121

Shiller RJ (2017) Narrative Economics. American Economic Review 107(4):967-1004.
https://doi.org/10.1257 /aer.107.4.967, URL https://pubs.aeaweb.org/doi/10.1257/
aer.107.4.967

Shiller RJ (2020) Narrative economics: How stories go viral and drive major economic
events. Princeton University Press

Simon HA (1957) Models of man; social and rational. Models of man; social and
rational., Wiley, Oxford, England, pages: xiv, 287

Smets F, Wouters R (2003) An Estimated Dynamic Stochastic General Equilibrium
Model of the Euro Area. Journal of the European Economic Association 1(5):1123—
1175. https://doi.org/10.1162/154247603770383415, URL https://academic.oup.
com/jeea/article/2280815/An

57


https://ideas.repec.org//a/cup/macdyn/v22y2018i04p1035-1075_00.html
https://ideas.repec.org//a/cup/macdyn/v22y2018i04p1035-1075_00.html
https://doi.org/10.1017/S1365100519000774
https://www.cambridge.org/core/product/identifier/S1365100519000774/type/journal_article
https://www.cambridge.org/core/product/identifier/S1365100519000774/type/journal_article
https://doi.org/10.1016/S0014-2921(97)00148-7
https://doi.org/10.1016/S0014-2921(97)00148-7
https://linkinghub.elsevier.com/retrieve/pii/S0014292197001487
https://doi.org/10.1257/aer.107.4.967
https://pubs.aeaweb.org/doi/10.1257/aer.107.4.967
https://pubs.aeaweb.org/doi/10.1257/aer.107.4.967
https://doi.org/10.1162/154247603770383415
https://academic.oup.com/jeea/article/2280815/An
https://academic.oup.com/jeea/article/2280815/An

Steinbacher M, Steinbacher M, Steinbacher M (2014) Interaction-Based Approach to
Economics and Finance. In: Faggini M, Parziale A (eds) Complexity in Economics:
Cutting Edge Research. Springer International Publishing, Cham, p 161-203, https:
//doi.org/10.1007/978-3-319-05185-7_10, URL https://link.springer.com/10.1007/
978-3-319-05185-7_10, series Title: New Economic Windows

Strogatz SH (2001) Exploring complex networks. nature 410(6825):268-276

Ter Ellen S, Larsen VH, Thorsrud LA (2022) Narrative monetary policy surprises and
the media. Journal of Money, Credit and Banking 54(5):1525-1549

Thurner S, Hanel R, Klimekl P (2018) Networks, vol 1. Oxford University Press,
https://doi.org/10.1093/0s0/9780198821939.003.0004, URL https://academic.oup.
com/book/25504 /chapter/192734357

Tuckett D, Nikolic M (2017) The role of conviction and narrative in decision-making
under radical uncertainty. Theory & psychology 27(4):501-523

Tuckett D, Taffler R (2012) Fund management: An emotional finance perspective.
CFA Institute Research Foundation

Tuckett D, Tuckett D (2011) Minding the markets: An emotional finance view of
financial instability. Springer

Watts DJ (1999) Networks, dynamics, and the small-world phenomenon. American
Journal of sociology 105(2):493-527

Watts DJ, Strogatz SH (1998) Collective dynamics of ‘small-world’networks. Nature
393(6684):440-442

Woodford M (2005) Central bank communication and policy effectiveness. Work-

ing Paper 11898, National Bureau of Economic Research, https://doi.org/10.3386/
w11898, URL http://www.nber.org/papers/w11898

o8


https://doi.org/10.1007/978-3-319-05185-7_10
https://doi.org/10.1007/978-3-319-05185-7_10
https://link.springer.com/10.1007/978-3-319-05185-7_10
https://link.springer.com/10.1007/978-3-319-05185-7_10
https://doi.org/10.1093/oso/9780198821939.003.0004
https://academic.oup.com/book/25504/chapter/192734357
https://academic.oup.com/book/25504/chapter/192734357
https://doi.org/10.3386/w11898
https://doi.org/10.3386/w11898
http://www.nber.org/papers/w11898

BERG Working Paper Series (most recent publications)

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

Leonhard Ipsen, Armin Aminian and Jan Schulz, Stress-testing Inflation Exposure: Sys-
temically Significant Prices and Asymmetric Shock Propagation in the EU28

Sarah Mignot and Frank Westerhoff, Explaining the stylized facts of foreign exchange
markets with a simple agent-based version of Paul de Grauwe’s chaotic exchange rate
model

Roberto Rozzi and Stefanie Y. Schmitt, Vertical product differentiation, prominence,
and costly search

Florian Herold and Christoph Kuzmics, Farkas' Lemma and Complete Indifference

Sarah Mignot, Paolo Pellizzari, and Frank Westerhoff, Fake News and Asset Price Dy-
namics

Fabian Dietz and Marco Sahm, Fairness in Round-Robin Tournaments with Four Play-
ers and Endogenous Sequences

Jan Schulz, Caleb Agoha, Anna Gebhard, Bettina Gregg and Daniel M. Mayerhoffer,
Excessive White Male Privilege Biases the Measurement of Intersectional Wage Dis-
crimination

Leonhard Ipsen and Jan Schulz, The (Dis-)Equalizing Effects of Production Networks

Ivan Savin, Philipp Mundt and Margherita Bellanca, The paradox of climate policy
diffusion

Dominik Bruckner and Marco Sahm, Party Politics: A Contest Perspective

Lasare Samartzidis, Philipp Mundt and Jan Schulz, Input specificity and labor’s bar-
gaining power: A production tree approach to functional income distribution

Maybrit Wichter, Christian R. Proafio, and Juan Carlos Pefia, How Fitting is “one-size-
fits-all’? Revisiting the Dynamic Effects of ECB’s Interest Policy on Euro Area Coun-
tries

Sarah Mignot, Coevolution of stock prices and their perceived fundamental value

Arne Lauber, Christoph March and Marco Sahm, Round-Robin Tournaments in the
Lab: Lottery Contests vs. All-Pay Auctions

Stefanie Y. Schmitt, Investments in environmental quality under limited attention
Jan Schulz and Jan David Weber, Power Laws in Socio-Economics

Rafael Kothe, Connecting the Dots: How Social Networks Shape Expectations Through
Economic Narratives

Free access to all publications at: www.uni-bamberg.de/en/economics/research/wp/



	Introduction
	Literature Review
	Model
	The Economy
	Heterogeneous Expectations
	Behavioral Heuristics and Switching Mechanisms
	Network Structure and Agent Connectivity
	Social Influence and Belief Updating
	Simulation Framework and Algorithmic Implementation

	Computational Results
	Numerical Approach and Parameter Calibration
	Behavioral Interventions and Market Sentiment Dispersion
	Impact of Behavioral Interventions on Inflation Rate Dispersion
	Dynamic Responses and Impulse Response Analysis
	Sensitivity Analysis and Robustness Check

	Discussion
	Concluding Remarks
	Acknowledgements
	Funding


	Matrices
	Indicator Matrix
	Switching Probabilities Matrix (SPM)
	Conformity Probability Matrix
	Weighted Probability Matrix

	Analytical Solutions
	Solution of the behavioural model
	Deriving impulse responses using the 'Method of Undetermined Coefficients'


