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Abstract

The thesis focuses on the analysis of a Behavioral New Keynesian DSGE model.

In particular, various specifications of the model are collected from the existing

literature and their combinations are simulated. The specifications include heuristics

for forecasting output gap, sets of estimated or calibrated parameters and model

structures. The resulting simulated output and inflation gap series are compared

with the macroeconomic stylized facts and real world data from the US and Euro

area based on their distributional characteristics and autocorrelation structures. In

addition, a comparison of various simulated model specifications is performed based

on the level of correlation between fractions of agents following a specific heuristic

and the resulting output and inflation gap values.

The distributional characteristics of the US output gap seem to be matched the

best by the specifications with unbiased and extrapolative output gap heuristics

generating series with higher levels of variance and kurtosis. Contrarily, the Euro

output gap is best matched by specifications with optimistic, pessimistic and unbi-

ased heuristics producing series with lower levels of variance and kurtosis. Second,

the autocorrelation structure of the simulated series tends to mirror the stylized

facts as opposed to the real world data for both the US and Euro area. Next, signif-

icant positive autocorrelation is detected even in forward-looking model structures

indicating the presence of the endogenous transmission process of shocks. Finally,

the level of correlation between the fractions of agents using a given heuristic with

the simulated series is mainly dependent on the definition of heuristics. Particu-

larly, only models including optimistic and pessimistic heuristics exhibit high levels

of such correlation and thus generate endogenous sources of business cycles.
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Abstrakt

Tato práce se zaměřuje na analýzu Behaviorálního nového keynesiánského DSGE

modelu. Z existující literatury jsou shromážděny různé specifikace modelu a jejich

kombinace jsou simulovány. Tyto specifikace zahrnují heuristiky k předpovídání

výstupové mezery, soubory odhadnutých či kalibrovaných parametrů a struktury

modelu. Výsledné řady výstupových a inflačních mezer jsou porovnány s makroeko-

nomickými empirickými pravidelnostmi a reálnými daty ze Spojených států amer-

ických a Euro oblasti na základě jejich distribučních charakteristik a autokorelačních

struktur. Je také provedeno porovnání různých simulovaných specifikací modelu na

základě korelace mezi podílem agentů používajících danou heuristiku a výslednými

hodnotami výstupové a inflační mezery.

Distribuční charakteristiky výstupové mezery ze Spojených států jsou nejlépe

simulovány specifikacemi s objektivními a extrapolativními heuristikami výstupové

mezery generující řady s vyšším rozptylem a koeficientem špičatosti. Naopak, výs-

tupová mezera z Euro oblasti je nejlépe simulována specifikacemi s optimistickými,

pesimistickými a objektivními heuristikami, které produkují řady s nižším rozptylem

a koeficientem špičatosti. Oproti reálným datům ze Spojených států a Euro oblasti

je autokorelační struktura simulovaných řad velmi podobná struktuře popsané em-

pirickými pravidelnostmi. Dále, signifikantní pozitivní autokorelace je identifikována

i ve strukturách modelu hledících do budoucnosti, čímž je potvrzena přítomnost en-

dogenního procesu přenosu šoků. Korelace mezi podílem agentů používajících danou

heuristiku a simulovanými řadami závisí hlavně na použitých heuristikách—pouze

modely zahrnující optimistické a pesimistické heuristiky vykazují vysoké hodnoty

těchto korelací, a tak generují důležité endogenní zdroje obchodních cyklů.

JEL klasifikace E71, E370, E320
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Master’s Thesis Proposal

Author Bc. Šárka Křížková

Supervisor PhDr. Jiří Kukačka, Ph.D.

Proposed topic Analysis of a Behavioral New Keynesian Model

Motivation The conventional wing of economics assumes that all agents act rationally:

they all process given information in a rational way. However, the reality is different.

People tend to use various heuristics (simplified problem solving strategies based on their

previous experiences) to facilitate their decision making which might lead to equilibriums

not consistent with the assumption of rationality. Deeper and comprehensive analysis

of this kind of mental shortcuts and other behavioral patterns when forming beliefs has

been introduced already in 1979 by Kahneman and Tversky in their “Prospect Theory:

An Analysis of Decision under Risk”. They presented a discrete choice theory based on

experimental evidence which states that people’s utility function is in fact not linear as

Expected utility theory and assumption of rationality assume.

The Prospect theory has been developed within the framework of microeconomics.

However, we should also take into consideration the aggregate level and the fact that

the group consists of individuals who are all different and use different reasoning for their

decisions—they are heterogenous. However, they are also influenced by the behavior of the

others. And this is the subject of study of experimental macroeconomics––relatively new

field of experimental economics—that has emerged during the nineties (Chytilová, 2014).

Macroeconomics experiments dealing with the framework of Behavioral New Keynesian

Model have been organized in recent past. Assenza et al. (2013) conducted an experiment

in which individuals had to forecast a future inflation or output gap based on information

about the current levels with the knowledge that this current level is influenced by the

forecasts of the others. The individual forecasting behaviors and an efficiency of different

1
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monetary policies have been examined.

In order to create the forecasts of various economical indicators which are closer to the

reality, we should account for the findings of experimental economics in our models. Paul

De Grauwe (2011) has presented a behavioral explanation of business cycles which enable

us to interpret the sources of shocks endogenously as opposed to the current leading DSGE

models that assume rationality and explain fluctuations as results of exogenous shocks

and their slow transmission to output and inflation. De Grauwe claims that business

cycles are driven by so called “animal spirits” (defined already by Keynes)—a term used

to characterize the human emotions that lead their decisions in times of uncertainty.

In his most simple model, agents are assumed to not completely understand how the

output gap is created and thus they tend to have biased forecasts. These biases can be

either positive—optimists, or negative—pessimists. Similar forecasting rules are applied

to agents’ forecasts of inflation where he distinguishes between targeters (they base their

forecast on the announced inflation target) and extrapolators (they extrapolates inflation

from the past to the future). He also assumes that agents are willing to learn from their

errors and thus they continuously attempt to fix their mistakes by changing the rules used.

Since the publication of De Grauwe’s research in 2011, other studies have emerged.

These studies differ in certain specifications of the model. Grazzini (2017), in his estima-

tion, follows the same approach as De Grauwe (2011). On the contrary, De Grauwe (2012)

assumes different heuristic rules and divides agents to fundamentalists and extrapolators

when forming expectations on future consumption based on discrete choice. Fundamen-

talists use the steady state value of the output gap to forecast its future value whereas

extrapolators anticipate that the future output gap equals to the previous value. Jang

and Sacht (2017) sorted agents in four groups according to the heuristics used (fundamen-

talists, chartists—they form their expectations based on the past two lags, optimists and

pessimists) and estimate different scenarios (different combinations of heuristics are con-

sidered). Jang and Sacht (2016) distinguish between pure and hybrid bounded rationality

model where the former does not include any lags in transmission of shocks to output and

inflation. In addition, different authors use different set of values of parameters of the

model.

The goal of this thesis is to compare all found specifications of the Behavioral New

Keynesian model and find model or models that fit the real development of key variables

(output gap and inflation) most precisely and attempt to argue why.
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Hypotheses

Hypothesis #1: Different specifications of heuristics result in different simulated

course of business cycles, estimates, fit with real data, output distribution and level

of accordance with macroeconomics stylized facts.

Hypothesis #2: Different set of values of parameters results in different simulated

course of business cycles, estimates, fit with real data, output distribution and level

of accordance with macroeconomic stylized facts.

Hypothesis #3: Even purely forward looking models (those that do not contain

lagged variables in the transmission process) produce a substantially high level of

autocorrelation in the output and inflation.

Methodology First, a survey of an existing literature about Behavioral New Keyne-

sian models and collection of all different specifications of the model in question will be

carried out. They will be sorted in groups according to the characteristics that differ. A

comparison of results of those researches will follow.

Second, a simulation of each model using the same random sequences for the same vari-

ables and comparison of the results between each other, with the stylized macroeconomics

facts and real data (autocorrelations and distribution of variables) will be undertaken.

It is expected that some models will be superior with respect to the specific comparison

metrics defined above.

Third step will be to discuss a possible further extension of the analysis by comparing

estimations using different specifications. We will also attempt to estimate the poten-

tially winning specification using Simulated Method of Moments or Simulated Maximum

Likelihood.

Expected Contribution The goal of this thesis is to compare existing research con-

cerning Behavioral New Keynesian models. As we are not aware of any other comparative

analysis of Behavioral New Keynesian models of this kind, we expect an important con-

tribution for the future research. The only study which aims to compare different models

was published in 2016 by Franke & Westerhoff, however it does not include all existing

specifications and it is rather a surface survey that does not analyze given differences. In

this thesis a comparison of all different specifications of the models with the real data and
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an attempt to find the most suitable calibration for simulation analysis will be carried out.

Based on this comparison, an identification of superior specifications for estimations will

be undertaken.

Outline

1. Motivation: Agent based macroeconomic models are a newly emerged direction in

macroeconomics which allows to account for non-rational behavior and attempts to

explain business cycles as a result of endogenous shocks.

2. Studies on modeling animal spirits in macroeconomics: Description of different ap-

proaches to account for bounded rationality in New Keynesian model and their

comparison.

3. Methods: Explanation of the method of simulation.

4. Data: Explanation of the generation of simulated data set.

5. Results: Discussion of results.

6. Conclusion: Summary of findings and their implications for future research.
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Chapter 1

Introduction

The mainstream standard New Keynesian (NK) DSGE models assume rational ex-

pectations of all agents in the economy. Rational expectations require the agents to

have, among others, a perfect knowledge of the economy, extensive computational

abilities and capability to store enormous amount of information. However, people

are usually not willing to collect all the information available and they do not even

possess the necessary computational abilities to be able to evaluate them and make a

rational decision (Simon, 1955). The assumptions of rational expectations has been

tested by many experimental economists and proved to be too strict (Hommes et al.,

2005). The experiments showed that people use various heuristics to facilitate their

decision making and thus heterogeneous expectations should be assumed when con-

sidering people’s prediction strategies (Anufriev and Hommes, 2012). These findings

led to the rise of models that attempt to incorporate the heterogeneous expectations

into their structures. One of such models has been defined by De Grauwe (2011) as a

Behavioral New Keynesian DSGE model. This model introduces heterogeneous ex-

pectations into the NK DSGE modeling. It is assumed that agents do not follow the

same rule when forecasting output and inflation gaps and they can switch between

more rules depending on the performance of their forecasts in the past. Moreover,

this approach allows to generate booms and busts endogenously within the model as

opposed to the standard DSGE models where the only sources of cyclical movements

are non-normally distributed exogenous shocks (De Grauwe 2012).

6
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Since the introduction of the Behavioral NK model, several authors such as Jang

and Sacht (2016) or Grazzini et al. (2017) attempted to estimate the model using

various estimation methods, sets of heuristics and model structures. Altogether, a

wide range of specifications currently exists, however, there has been no attempt

to compare all possible combinations of these specifications and identify those that

fit the modeled economy the best. This thesis aims to resolve the discussion about

which of the introduced heuristics, estimated parameters and model structures are

most appropriate to model the simplified economy with the three variables: output,

inflation and interest rate gaps. The analysis is based on comparison of simulated

series with macroeconomic stylized facts and real world data from the US and Euro

area. The set criteria for comparison of the simulated series with real world data

are selected based on the documented stylized facts. In this way, we can set a clear

benchmark to which the comparison can be referred and examine the level of the

presence of stylized facts in both sample and simulated series.

In this thesis it is hypothesized that different sets of heuristics result in different

fit with real data and level of accordance with macroeconomic stylized facts. In

particular, it is expected that various heuristics produce series with different distri-

butional characteristics and autocorrelation structures. The same type of differences

are expected for different sets of values of parameters. Next, even forward-looking

structures of the model—those with no lags of output and inflation gap variables—

are expected to produce a substantially high level of autocorrelation in the output

and inflation gap series due to the endogenous transmission process of the model

that emerges as a result of backward-looking performance measurement system. Fi-

nally, the correlations between the fractions of agents using a given heuristic and

the resulting simulated output and inflation gaps are expected to be at high levels

as the changing fractions of agents are supposed to be the endogenous sources of

business cycles.

The thesis is organized as follows. Chapter 2 reviews the literature about cogni-

tive limitations, heterogeneous expectations, adaptive learning and macroeconomic

experiments investigating people’s prediction strategies. Chapter 3 describes the

Behavioral NK model, its properties and all of its various specifications found in
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the existing literature. The methodological specifics of the analysis, the stylized

facts to which the real and simulated data are compared and the description of the

examined real world data are covered in Chapter 4. Chapter 5 discusses the results

of the simulations and the comparison of the simulated series with the empirical

samples. Chapter 6 concludes.



Chapter 2

Literature Review: Development

of Behavioral Modeling Paradigm

2.1 Cognitive Limitations and Expectations

Since the rational expectations revolution in seventies, the individual expectations

about future aggregate outcome started to play a major role in macroeconomics and

in particular in the transmission of monetary policy as Assenza et. al (2013) claim.

Indeed, Anufriev and Hommes (2012) state that decisions in the current period are

not formed in isolation but based on the expectations about future development of

the economy. The expectations therefore directly influence the actual realizations of

macroeconomic variables and the market is thus an expectations feedback system.

Hence, the whole system stands on the definition of expectations.

The leading approach to expectations is the rational expectations assumption.

Anufriev and Hommes (2012) explain that rational expectations require all agents to

have a perfect knowledge of the economy and as a result the agents are all the same

and the expectations equal on average to the realizations. Agents are thus storing

an enormous amount of information and in order to be able to form the expectations

that are consistent with the rational model they need an extensive computational

knowledge.

Simon (1955) introduced a critique of the “classical” concepts of rationality and

proposed a new approach to human rationality in economics—a “limited” rational-

9
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ity, also called bounded rationality. People face many limitations during their

decision making process—they do not know precise costs of discovering other alter-

natives or weights for comparing them among themselves. One’s decision making

procedure can be more rational than other’s and therefore, the agents are not all

the same. The procedure is, according to Simon (1955), a dynamic process that

evolves over time, depending on the past performances. Thus, people are rational

in choosing from their limited set of alternatives and considering their limited set of

information.

Kahneman and Tversky (1979) are ones of the first authors who presented a

comprehensive critique of expected utility theory that assumes, among others, ra-

tional expectations. They demonstrate several violations of expected utility theory

based on their experiments concerning hypothetical choice problems and develop an

alternative model called prospect theory. They identify many biases in people’s

decision making process. Barberis and Thaler (2003) summarize these beliefs in

several patterns:

• Overconfidence. People are overconfident about their abilities such as driv-

ing abilities. They also overstate the confidence intervals assigned to their

estimates of quantities. Next, as stated in Barberis and Thaler (2003) “peo-

ple are poorly calibrated when estimating probabilities: events they think are

certain to occur actually occur only around 80% of the time, and events they

deem impossible occur approximately 20% of the time” (p. 1065).

• Representativeness. “When people try to determine the probability that a

data set A was generated by a model B, or that an object A belongs to a class B,

they often use the representativeness heuristic. This means that they evaluate

the probability by the degree to which A reflects the essential characteristics of

B” (Barberis and Thaler 2003, p. 1066). Thus, the more A is representative

of B, the higher probability is assigned to the possibility that A comes from B.

It also leads to “sample size neglect” which means that people consider small

samples to be as representative as the big ones.

• Conservatism. When the presented data is not representative of any known
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model, people do not react to the data and they rely on the prior information.

• Belief perseverance. Once people create their belief, they are reluctant to

change it for too long even though there may occur evidence against it. They

perceive it with a skepticism.

• Anchoring. People tend to form their estimation as a departure from an

initial value that can be also completely random. Often, this adjustment is

not sufficient.

• Availability biases. When deciding about probability of an event, people use

the available information—their memories. More recent and powerful memo-

ries get higher weights.

The previously mentioned cognitive limitations are only examples of the biases in

people’s decision making process. These beliefs should be taken into account when

creating economic models, especially when modeling expectations. That is also

the main contribution of Behavioral New Keynesian Dynamic Stochastic General

Equilibrium (NK DSGE) model that is presented in this thesis—it incorporates the

findings about people’s behavior in the definition of expectations.

2.1.1 Adaptive Learning

Bullard (2006) summarizes the macroeconomic learning literature and states that

agents learn about the environment when comparing their past predictions with

the actual outcomes and they keep on updating their forecasts as new data arise in

order to approach the rational equilibrium. The constant learning through trial-and-

error processes with the goal to converge to the rational equilibrium (RE) is called

recursive learning, or also known as adaptive learning. The adaptive learning

can, according to Bullard (2006), lead to RE as well as to non-RE equilibrium.

The convergence depends on many parameters of the system, including the policy

parameters. Brock and Hommes (1998) introduced the Adaptive Belief System

applied for an asset pricing model. They further describe the system and state

that “agents can choose from a finite set of different beliefs or predictors of the
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future price of a risky asset” (p. 1237).1 The selection process is carried through

a measure of fitness or performance such as forecasting error in the time series of

past observations. The Adaptive Belief System thus assumes boundedly rational

agents—the choice of the predictor is rational as a higher fraction of agents choose

the one that produces the highest past performance.

2.1.2 Heterogeneous Expectations

By cause of the presence of cognitive limitations and adaptive learning in people’s

decision making process one could conclude that people do not form homogeneous

expectations as the leading economic theories assuming rational expectations con-

sider. Since Simon (1955), many authors, including Brock and Hommes (1998),

Branch (2004) or Assenza et al. (2014), started to explore this issue and assume

that people form heterogeneous expectations that allow agents to have various

expectations about future economic development based on various biased beliefs.

As stated in Hommes (2006), heterogeneous expectations and bounded rationality

are commonly supported by a “no trade argument” which states that if all agents

were rational, there would be no trade. Any trader who would have a superior pri-

vate information would not benefit from it as the other traders would anticipate it

and they would not sell an asset to him. Therefore, nobody would have a motivation

to trade. This implication is against the empirical evidence of high daily trading at

the real markets.

Heterogeneity of individual expectations was also confirmed in many research

papers. Allen and Taylor (1990) showed that financial experts in the London for-

eign exchange market do not always follow fundamental rules and they often use

non-fundamental analysis that is substantially subjective, especially in a short-term

horizon. Frankel and Froot (1985) analyzed surveys published in The Economist

Financial Review and The Amex Bank Review about exchange rate expectations

and concluded that those expectations were not formed rationally. Using a database

of empirical expectations from the Michigan Survey and the Conference Board, Car-

rol (2003) showed that households create inflation and unemployment expectations

1When explaining the issue further we generalize this approach for a future value of a variable.
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only rarely based on news reports of professional forecasters indicating inattention

and heterogeneous beliefs. Mankiw et al. (2003) analyzed data from three different

sources and identified heterogeneous inflation expectations in terms of the informa-

tion itself as well as in terms of variation of this disagreement over time.

2.1.3 Adaptively Rational Equilibrium

Brock and Hommes (1997) introduced a concept called adaptively rational equi-

librium where agents decide based on their prediction of endogenous variables that

are determined by equilibrium equations. They make their prediction by choosing

from a finite set of predictor functions of past values. A performance measure of

each predictor function is computed each period and this information is available to

all agents. Agents choose between predictors using a discrete choice model in which

the performance measure is incorporated. The dynamics of the predictor choice

and equilibrium values of endogenous variables in the case with two predictors is

described in Brock and Hommes (1997) as follows.

Assume that there are two types of predictors in an unstable market: predictor

H1 and H2. Predictor H1 is sophisticated and rational predictor and agents can

buy it at a small, though positive, information cost C. H2 is a simple predictor such

as naive expectations are, but freely obtainable. Agents are rational in choosing

between predictors and they pick the predictor with highest performance such as

lowest prediction error or highest net profit. In addition, assume that the model

has a unique steady state. When each agent employs the simple predictor H2, the

values converge to the unique steady state which is assumed to be unstable. If all

agents employed predictor H1 and there were no information costs, the values of the

endogenous variables would converge in time to their steady state which would be

globally stable. However, if there are information costs for using the sophisticated

predictor H1 and the intensity of choice to switch between the rules reaches certain

critical value, the steady state becomes unstable. See paper of Brock and Hommes

(1997) for exact formulation of the local instability theorems explaining why local

instability is inherent in situations in which a cost is applied to the more complicated

prediction methods. Let us assume that the initial value is close to the steady state
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and most of the agents use predictor H2. Therefore, the steady state is unstable

which causes the values to diverge away from it which increases the prediction error

of predictor H2 leading number of agents to switch to predictor H1 as its net profit

from using it is now higher than the net profit from using H2. If the intensity of

choice to switch between the rules is high enough, almost all agents switch to

the predictor H1 and the values of the variables converge to their steady state again

- that makes the prediction error of H2 low again and the net profit is now higher

for this belief thanks to the information cost of H1 and the whole switching process

can repeat. The formalization of this process can be done in many ways depending

on the temporary equilibrium economic model to which it is applied. Further in this

thesis, we will introduce this switching mechanism in a simple NK DSGE model.

Let us think of a similar process, but this time having predictors H3 as over

optimistic belief and H4 as over pessimistic. There are no costs of using either H3

or H4 as both are simple and belief-based. None of the predictors leads to the stable

steady state. Consider a state when the values of endogenous variables are close

to the steady state and almost all the agents use the predictor H3. As the steady

state is unstable, the values start to diverge from the steady state and predictor

H4 now generates lower prediction error which makes some agents to switch to this

rule. Depending on the level of intensity of choice to switch the process repeats

similarly as in the previous case. This type of process is the cornerstone of the

switching mechanism in the baseline behavioral NK DSGE model analyzed in this

thesis.

2.2 Experimental Macroeconomics

2.2.1 Laboratory Experiments in Macroeconomics

The rational expectations revolution created the ground for an application of macroe-

conomic models based on explicit micro-foundations. Until this revolution the stan-

dard econometric approaches had been a workhorse in economic research. However,

micro-foundations allowed new approaches to be developed and thus experimental

macroeconomics was born. As macroeconomic theories started to be based on in-
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dividual behavior, experimental macroeconomics became an interesting tool to test

the interactions between individuals. Experimental macroeconomics attempts

to confirm the predictions or assumptions of the models using laboratory experi-

ments in which an individual behavior of agents is observed and the outcomes are

presented at both the individual and aggregate level. Duffy (2014) relates the emerge

of experimental macroeconomics with the year of 1986 when Robert Emerson Lu-

cas Jr. invites the macroeconomists to organize laboratory experiments in order to

settle the macro-coordination problems emerged during theoretical derivations.

According to Ricciuti (2008), most macroeconomic experiments concentrate on

individual phenomena or specific economic theory using only one market. This

approach fits well to the micro-foundations setting. The setting of this type of

macroeconomic experiments does not very much differ from microeconomic labora-

tory experiments. The difference is thus only in their interpretation that can be at

the individual or aggregate level. The second type of macroeconomic experiments

focuses on spillovers between more markets, searching for an equilibrium and dealing

with system effects.

Duffy (2014) claims that “the main insights from macroeconomic experiments

include 1) an assessment of the micro-assumptions underlying macroeconomic mod-

els, 2) a better understanding of the dynamics of forward-looking expectations which

play a critical role in macroeconomic models, 3) a means of resolving equilibrium

selection (coordination) problems in environments with multiple equilibria, 4) val-

idation of macroeconomic model predictions for which the relevant field data are

not available and 5) the impact of various macroeconomic institutions and policy

interventions on individual behavior” (p. 3).

Duffy (2014) divides the macroeconomic experiments in three main groups. The

first concentrates on the micro-foundations of the models, especially on the inter-

temporal optimization problems, time-(in)consistent preferences and the expecta-

tion formation. The second group focuses on coordination problems that can lead

to poverty traps or bank runs and on their resolutions. The last group focuses the

attention on separate fields of macroeconomics such as monetary economics, labor

economics or international trade and finance. In this thesis, the attention is fo-
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cused on the first class of experiments, especially those studying the expectation

formation, learning and implications of monetary policy as those help to adjust

the assumptions and derive the correct implications of Behavioral New Keynesian

DSGE Models.

There are several advantages of laboratory experiments over econometric mod-

els. In the real world, as Adam (2007) states, it is not easy to determine people’s

expectations. Therefore, it is difficult to identify their deviations from the rational

expectations. This is not the case for laboratory experiments where expectations

are easily recognized. Adam (2007) also explains that the identified expectation

deviations in the real world cannot be interpreted without reaching to a specific

model and the agreement about the specific model that should be used can be also

very challenging. In laboratory settings the model is correct by nature as the expec-

tations can be made directly observable. Finally, Ricciuti (2008) mentions another

advantage of laboratory experiments in the fact, that in laboratory the experimenter

has a full control over parameters used and he can adjust them as he wishes, which

allows him to observe the exact impact of any change on the outcome.

According to Ricciuti (2008), there are three main disadvantages of laboratory

experiments in macroeconomics. First, the motivation of the participants of the

experiments is not representative of the motivation of macroeconomic agents. Real

agents are motivated within several roles: they are workers who are motivated by

their wage, consumers who are using their rewards and savers that make saving

decisions. On the other hand, the participants of the experiments are only motivated

by a small amount of money that they will get for the participation in the study.

Second, the number of people involved is much lower in the experiments than in the

economy. Therefore, both problems of motivation and number of people involved

make the experimental results questionable. The last issue discussed by Ricciuti

(2008) concerns the experiments in which it is essential to learn the rules of the game

and thus it is necessary to repeat the experiments more times. In such experiments,

it can be impossible to distinguish “between learning the rules of the game and just

learning how to play with a given set of parameters” (Ricciuti 2008, p. 219).
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2.2.2 Examples of Macroeconomic Experiments

In Section 2.1.2 studies analyzing expectations have already been mentioned. These

studies use various surveys to evaluate the rationality of expectations. In this part,

laboratory experiments with human subjects that aim to study expectations and

monetary policy impact will be presented.

Hommes et al. (2005) conduct an asset-pricing laboratory experiment where the

task of the subjects is to predict a price of a risky asset based on information about

past dividends, mean and interest rate but with no knowledge of the market equilib-

rium equations and the forecasts of other subjects. They divide the participants into

several groups. The authors focus on the prediction strategies and find that partici-

pants in each group tend to coordinate on a common prediction strategy. They look

at the rational expectations hypothesis in a way that aggregated individual forecast

errors sum up to zero and thus the aggregate expectations are approximately correct

(rational). They find out that in their samples approximately 75% of the average

quadratic forecast error of individuals is due to the average common forecasting er-

ror. The rational expectations hypothesis thus does not hold, the participants form

their expectations differently and there is a coordination on a common prediction

strategy. They describe the strategies in the following way:

• The participants are identified as either to be cautious (they predict the price

to be lower than it actually is when the price is increasing and higher when

the price is decreasing) or to overreact (they predict the price to be too high

or too low). When majority of participants overreact, oscillatory behavior

arises. When majority of participants is cautious, there is convergence to the

fundamental price. In some groups the price did converge to its fundamental

value, however in some groups the oscillation around the fundamental value

persisted in all periods.

• The prediction strategies can be formalized in the following general way:

peh,t+1 = αh +
4∑
i=1

βhipt−i +
3∑
j=0

γhjp
e
h,t−j + vt,

where peh,τ is the price that trader of type h expects for time τ , i ∈ [1, 4]



Chapter 2. Literature Review: Development of Behavioral Modeling Paradigm 18

gives the range of observed levels of AR process, j ∈ [0, 3] gives the range of

observed levels of adaptive expectations, vt is an i.i.d noise term and αh is the

intercept for trader h. The individual strategies can be derived as follows:

– Naive expectations when βh1 = 1 and all the other coefficients are zero

– Adaptive expectations when βh1 + γh0 = 1 and all the other coefficients

are zero

– AR(L) process when αh, βh1, ..., βhL ̸= 0 and all the other coefficients are

zero

The authors find that 75% of participants used these simple rules and the

rest used somewhat more complicated rules. The prediction strategies coin-

cide for individuals within groups rather than between them confirming the

coordination of strategy.

Anufriev and Hommes (2012) conduct a learning to forecast experiment with

human subjects. The experimental setup is very similar to the one in Hommes et

al. (2005). The participants had to forecast a price of an asset two periods ahead.

The authors also identify a high coordination of individual forecasts after small

amount of periods even with no communication between the subjects and “different

qualitative patterns in aggregate price behavior” (p. 42). Three qualitative patterns

in aggregate price are identified over the 50 periods: out of 6 groups, in 2 groups

the price slowly converge to its fundamental value, in 2 groups the price persistently

oscillate around the fundamental value and in 2 groups the prices oscillate as well,

however the price converge through gradual decrease in their amplitudes.

• Clearly, the identified expectations are not rational in any found pattern. The

authors observe that individuals are switching between the forecasting rules

when they learn that the previous rule is generating too big error. The par-

ticipants used three different types of simple linear heuristics representing the

three patterns in aggregate price. The heuristics are defined as follows:

– Adaptive expectations rule: pet+1 = ωpt−1 + (1 −ω)pet = pet +ω(pt−1 − pet ),

where ω ∈ [0, 1]. When ω = 0 we get naive expectations rule where
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the agent forecasts the price to be equal to the current expected price.

The authors discover that when the weight ω is low (0.25) and all agents

follow this rule, the price slowly converges to its steady-state fundamental

value. If it is high (0.65) the price converges faster.

– Trend-following rule: pet+1 = pt−1 + γ(pt−1 − pt−2) with γ > 0. Subjects

following this rule base their forecast on the price in the previous period

and adjust it by the last price change. The sensitivity to this price change

is given by the parameter γ and its estimates in authors’ samples range

from 0.4 to 1.3. The authors show that if all agents follow this rule the

price can either converge monotonically (when γ is 0.4) or diverge through

oscillations of increasing amplitude (when γ is 1.3).

– Learning anchoring and adjustment AR(2) rule: pet+1 = 0.5(pavt−1 +pt−1)+

(pt−1 − pt−2), where pavt−1 is the sample average of past prices ∑t−1
j=0 pj.

The anchor (in this case the long-run average) is given by the average

of the sample average of past prices and the last observed price. The

subjects adjust the anchor using the information about the last price

change. The convergence to the fundamental value was shown to be slow

and oscillatory.

Hommes (2011) conducts controlled laboratory experiments to study individual

expectations and learning and concludes that there is a substantial heterogeneity

in expectations in various market settings. The participants are mostly unable to

learn the fundamental benchmark price and they quickly start to coordinate their

forecasts and converge to the same conclusions.

Learning to forecast experiments were also conducted within the framework of

New Keynesian DSGE models. Assenza et al. (2014) formulate the simplest

version of the model that is based on two equations—IS curve and Phillips curve,

respectively:

yt = E∗
t yt+1 − φ(it − E∗

t πt+1) + ϵt

πt = λyt + βE∗
t πt+1 + ut
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where yt represents the output gap, it the interest rate, πt the inflation rate, ϵt and ut
are exogenous shocks and φ, κ, λ ≥ 0 . Expected values of output gap and inflation

are respectively E∗
t yt+1 and E∗

t πt+1. A central bank’s policy rule for nominal interest

rate is defined as follows:

it = ϕπ(E∗
t πt+1 − π̄) + π̄

where π̄ is the inflation target and ϕπ ≥ 0. The conducted experiments focus

mainly on the expectation formation and the effects of alternative monetary policies.

Implementation of this model in the experimental environment is challenging as

subjects would have to predict two variables (output gap and inflation) for two

periods ahead and that would require them to conduct more complicated operations.

Different authors deal with this problem differently. Pfajfar and Žakejl (2016) ask

the subjects to predict only inflation and naive expectation formation is assumed

for the output gap. Assenza et al. (2013) in two treatments require the subjects

to forecast only inflation and the output is generated using steady-state equilibrium

predictor and naive expectations, and in one treatment they let one group to forecast

inflation and one group to forecast the output gap.

Individual forecasting behavior

Assenza et al. (2013) conduct an experiment with human subjects to simulate the

above described economy. In total 120 subjects participate in overall 16 experimen-

tal economies. The authors study the expectation formation of subjects within the

framework of NK DSGE model and they attempt to fit their outcomes to a theory

of heterogeneous expectations and to a heuristic switching model to account for the

coordination of beliefs. They identify different types of aggregate behavior which

confirms the presence of heterogeneous expectations. In addition, they demonstrate

the presence of individual switching behavior. They propose a “simple model of

evolutionary selection among forecasting rules based on past performance in order to

explain individual forecasting behavior as well as the different aggregate outcomes ob-

served in the laboratory experiments, namely convergence to some equilibrium level,

persistent oscillatory behavior and oscillatory convergence” (Assenza et al. 2013, p.
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35). The last mentioned important feature of their model is the fact that it allows

for different leading forecasting rules for output gap and inflation.

Pfajfar and Žakelj (2016) organize a similar experiment as Assenza et al. (2013).

They simulate an economy with 9 agents (24 groups of 9 subjects) within the setup of

standard New Keynesian model. Each experimental subject is an agent who makes

forecasting decisions. The authors are choosing among 10 models to identify the

one that fits the individual expectations the best. Based on the authors’ estimations

they reject rational expectations for each subject that participated in the study. The

subjects use various non-rational rules in forming their expectations: extrapolating

the trend, adaptive expectations or sticky-information type of rules. They also allow

the participants to change their rule and thus account for adaptive learning which

is indeed found in the data.

Adam (2007) considers a simple version of monetary sticky price economy with

monopolistic competition and in this environment he sets up a laboratory experi-

ment in which subjects are asked to predict future inflation rates. He shows that

the deviations of expectations from the rational assumption have an important im-

plication for the persistence of output and inflation.

Effectiveness of monetary policy

In their laboratory experiment Pfajfar and Žakelj (2016) study the effectiveness

of alternative monetary policy designs within the standard New Keynesian model.

They use different modifications of Taylor rule - forward looking, i.e. when central

bank responds to the deviation in expectations from the target, and contemporane-

ous rule, i.e. when central bank reacts according to the deviation in current inflation

from the target. Depending on the value of the sensitivity of the central bank ϕπ the

inflation variability differs. The higher the parameter is, the lower the variability

is and for the same values the variability is lower when using the contemporaneous

rule. The inflation variability is also generally higher than the one in the model

simulated under rational expectations. They show that the monetary policy design

as well as expectations formation matter in achieving the dynamic stability of the

model. In their laboratory experiment they also observe the cyclical movement of
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inflation and output gap around their steady states.

Assenza et al. (2013) in their experiment also find that in all treatments (output

generated using steady-state equilibrium, naive expectations and output dependent

on individual forecasts) the more aggressive monetary policy is applied, i.e. the

higher the value of ϕπ is, the higher is the convergence of both inflation and output

gap to their fundamental value.

2.3 Heuristic Switching Model

Heuristic switching model in the framework of asset pricing model was defined by

Anufriev and Hommes (2012). It is a formalization of the adaptively rational equilib-

rium defined by Brock and Hommes (1997) in the asset pricing model. The realized

prices are dependent on the forecasting heuristic used. The prices are changing as

the agents are learning about the past performance of the heuristic used. Thus,

when the heuristic performs well in the past, is has a high effect on the price in the

next period. The model explains the coordination on different forecasting heuristics.

Anufriev and Hommes (2012) describe the model in the following way. Let us

define a set H of H heuristics that represent all the possible rules that participants

can use. At the beginning of period t each rule h generates prediction of price pt+1

for two periods ahead. The prediction is given by a function fh of all available

information:

peh,t+1 = fh(pt−1, pt−2, ...; peh,t, peh,t−1, ...)

The price pt is computed as:

pt = 1
1 + r

((1 − nt)p̄et+1 + ntp
f + ȳ + ϵt),

where p̄et+1 is the average predicted price, r is the risk free interest rate, ȳ the mean

dividend, ϵt is the noise term and nt is the share of robot traders. The robot traders

forecast the price to be the true fundamental price and they are included in the

model to avoid situations in which the price would be too far from equilibrium and

the bubble would last for too long. The share of such traders is defined as follows:

nt = 1 − exp(− 1
200 | pt−1 − pf |)
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The average predicted price is weighted by the different heuristics used:

p̄et+1 =
H∑
h=1

nh,tp
e
h,t+1,

where the weight nh,t is the impact of a heuristic, it evolves over time and depends

on the past relative performance of all heuristics—more successful heuristic attracts

more followers. The performance measure is based on its squared forecasting error

and it is given as:

Uh,t−1 = −(pt−1 − peh,t−1)2 + ηUh,t−2,

where η ∈ [0, 1] is the memory parameter that represents the weight that agents give

to the past errors of a certain heuristic. The impact of the used rule h is measured

each period according to a “discrete choice model with asynchronous updating”.

The asynchrony is given by the parameter δ ∈ [0, 1]:

nh,t = δnh,t−1 + (1 − δ)exp(βUh,t−1)
Zt−1

,

where Zt−1 = ∑H
h=1 exp(βUh,t−1) is a normalization factor. The parameter δ gen-

erates persistence in the impact of the rule h as not all participants change their

forecasting rule each period. If δ = 1 no participants change their rule. The pa-

rameter β ≥ 0 is the intensity of choice that measures the sensitivity of agents to

the performance of the rule. If β = 0, the participants do not change their strategy

based on past performance. If β = ∞, all agents who decide to change their heuristic

switch to the most successful rule.
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Behavioral NK Model

According to Assenza et al. (2014) the standard NK model in its extended form

is nowadays widely used for policy analysis because it can accurately replicate the

macroeconomic stylized facts. Adam (2007) states that the baseline version of the

model that accounts only for nominal rigidities but does not incorporate any other

frictions, has proved to be inconsistent with some other empirical evidence: it cannot

replicate the stylized facts such as persistence of fluctuations of output and inflation.

Therefore, according to Smets and Wouters (2003), to account also for these styl-

ized facts, it has been a standard practice in DSGE literature to introduce various

frictions such as habit formation and different adjustment costs. Such extensions

lead to the required features that are observed in the real economies.

De Grauwe (2012) argues that the sources of cyclical movements in standard

DSGE models are large non-normally distributed exogenous shocks, which come

from the outside world. These shocks are not explained within the model and yet,

they are the source of the non normal distribution of the output. The large shocks

cause booms and busts in the output and together with their slow transmission in

form of various frictions they are the reason for fat tails of the output distribution

and its cyclical movement.

De Grauwe (2011) therefore suggests a different approach to generate booms

and busts endogenously and concurrently to move away from rational expectations

theorem that is considered to be, as widely reported in the previous part of this

thesis, too simplifying and not reflecting the real economy. The different approach

24
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is based on a different definition of expectations. The expectations are assumed to be

heterogeneous and agents are assumed to follow various heuristics when forecasting

the value of output and inflation for the next period. However, they are not simply

following always the same rule, they are willing to learn from their experience and

based on the performance of the rule in the past periods, they either switch to a

more profitable one, or they keep on using the old one if it is the most profitable

decision. De Grauwe has incorporated the Adaptively rational equilibrium theory

defined by Brock and Hommes (1997) and described in Section 2.1.3 and which was

later formalized by Anufriev and Hommes (2012) in their Heuristic switching model

described in Section 2.3.

3.1 Behavioral Model

De Grauwe (2011) presents a behavioral macroeconomic model in the form of stan-

dard aggregate demand-aggregate supply model that is completed by a central

bank’s Taylor rule. He preserves the standard form of the model, however, he

assumes that agents do not understand the whole system, they lack of informa-

tion and they are not willing to collect them. Therefore, they use different simple

heuristics to forecast the future. The tendency of people to follow simple rather

than difficult and sophisticated rules is well documented in Section 2.2 where many

macroeconomic experiments examining people’s expectation creation are discussed.

An adaptive learning mechanism is applied for choosing between heuristics.

Jang and Sacht (2016) followed up on De Grauwe’s approach and formulated the

model in a very similar way. The form presented and analyzed in this thesis will

follow the version of Jang and Sacht (2016). As the models differ only in specification

of parameters, an adjustment of parameters used in De Grauwe (2011) was carried

out in such a manner that it can be easily compared with other specifications. You

can find the calculations that were necessary to perform in Apendix A. The baseline

hybrid three-equations New Keynesian DSGE model is defined in Jang and Sacht
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(2016) in a following way:

ŷt = 1
1 + χ

Ẽtŷt+1 + χ

1 + χ
ŷt−1 − τ(r̂t − Ẽtπ̂t+1) + ϵŷ,t (3.1)

π̂t = ν

1 + αν
Ẽtπ̂t+1 + α

1 + αν
π̂t−1 + κŷt + ϵπ̂,t (3.2)

r̂t = ϕr̂r̂t−1 + (1 − ϕr̂)(ϕπ̂π̂t + ϕyŷt) + ϵr̂,t (3.3)

where the expectations operator Ẽt refers to bounded rationality expectations and

all variables are quoted in quarterly magnitudes. The three shocks ϵẑ,t, where ẑ =

{ŷ, π̂, r̂}, are independent and identically distributed around mean zero with variance

σ2
ẑ . Variables {ŷ, π̂, r̂} refer to the output gap, inflation gap and nominal interest

rate gap respectively and they are considered in Jang and Sacht (2016) to denote

the deviations in all of the three variables from their time-varying trend.

Equation 3.1 defines the hybrid dynamic IS (investment-saving) curve or ag-

gregate demand equation that, according to Jang and Sacht (2016), “results from

inter-temporal optimization of consumption and saving, which leads to consumption

smoothing” (p. 6). As described in Franke et al. (2015), χ is the representative

household’s degree of habit formation, (0 ≤ χ ≤ 1), and as Jang and Sacht (2016)

state τ is an inverse inter-temporal elasticity of substitution in consumption behav-

ior, (τ ≥ 0).

Equation 3.2 defines the New Keynesian Philips curve (NKPC). Jang and Sacht

(2016) explain, that “the output gap ŷt acts as the driving force behind inflation

dynamics from monopolistic competition and Calvo-type sticky prices” (p. 6). Franke

et al. (2015) describe the parameters and state that ν is the discount factor, (0 ≤

ν ≤ 1), κ is the composite parameter that depends on the degree of price stickiness

and assumptions on the production technology of firms, (κ ≥ 0), and α represents

the degree of price indexation, (0 ≤ α ≤ 1).

Equation 3.3 defines the Taylor rule. Franke et al. (2015) describe that ϕr̂
determines the degree of interest rate smoothing, (0 ≤ ϕr̂ ≤ 1), ϕŷ and ϕπ̂ are the

policy coefficients that measure the central bank’s reactions to contemporaneous

output and inflation, (ϕŷ ≥ 0), (ϕπ̂ ≥ 0).

The specification of the model presented in equations 3.1-3.3 is often called a

hybrid NK DSGE model. The name stems from the fact, that this model includes
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both forward-looking variables (defined in times t and t+1) and backward-looking

variables (defined in times t and t-1). If we set the parameters χ, α and ϕr̂ to zero,

we will get a purely forward-looking model.

The essence of the Behavioral NK DSGE model comes from the definition of

expectations. In the original behavioral model of De Grauwe (2011), it is assumed

that agents may be either optimistic or pessimistic concerning their forecast of the

movements in the future output gap. The optimistic and pessimistic heuristics

can be defined as follows:

ẼO
t ŷt+1 = dt (3.4)

ẼP
t ŷt+1 = −dt (3.5)

where {O,P} stand for optimistic and pessimistic beliefs and dt > 0 is the “diver-

gence in beliefs among agents about the output gap” (De Grauwe, 2011, p. 427). The

parameter dt is assumed to be a function of the volatility of the output gap:

dt = 1
2 (β + δλŷ,t) (3.6)

where λŷ,t > 0 is the unconditional standard deviation of the output gap (computed

over a set window of past observations, e.g. 20), δ ≥ 0 measures the degree of

divergence in the movement of economic activity. Parameter β ≥ 0 is in Jang and

Sacht (2016) interpreted as predicted subjective mean value of ŷt. Therefore, when

the volatility of output gap increases, the uncertainty increases as well which makes

agent’s forecasts to diverge more.

The market forecast is computed as a weighted average of the two biased fore-

casts:

Ẽtŷt+1 = αOŷ,tẼ
O
t ŷt+1 + αPŷ,tẼ

P
t ŷt+1 = (αOŷ,t − αPŷ,t)dt (3.7)

where αOŷ,t + αPŷ,t = 1 and αOŷ,t and αPŷ,t represent probabilities that the agent is an

optimist or pessimist in forecasting the output gap in period t. These probabilities

directly depend on the forecast performances of optimists and pessimists. Following

the approach of Jang and Sacht (2016), the utilities for the forecast performances

are given as follows:

U j
t = ρU j

t−1 − (1 − ρ)(Ej
t−1ŷt − ŷt)2 (3.8)
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where j = {O,P} and the parameter ρ represents the memory of agents, meaning

the weight that agents give to the past errors of the heuristic used as discussed in

Section 2.3, (0 ≤ ρ ≤ 1). Therefore, if ρ = 0, agents do not take into consideration

the past observations and if ρ = 1, they take into consideration all past observations

and they have infinite memory.

After assessing the forecast performance, agents can reconsider their expectation

rules by applying discrete choice theory. Thus, the switching mechanism is incorpo-

rated in the definition of the probabilities of using optimistic and pessimistic rule.

The proportions of agents using the defined heuristics become:

αOŷ,t = exp(γUO
t )

exp(γUO
t ) + exp(γUP

t ) (3.9)

αPŷ,t = exp(γUP
t )

exp(γUO
t ) + exp(γUP

t ) = 1 − αOŷ,t (3.10)

where the parameter γ measures the intensity of choice. “It parametrizes the ex-

tent to which the deterministic component of utility determines actual choice” (De

Grauwe, 2011, p. 429). Thus, if γ = 0, the agents are indifferent toward being an

optimist or pessimist and both heuristics are equally probable, i.e. αOŷ,t = αPŷ,t = 0.5.

If γ = ∞, the switching mechanism becomes purely deterministic and agents react

sensitively to any changes in their forecast performances. Therefore, the probabil-

ities of using the given rules become either αOŷ,t = 1, αPŷ,t = 0 or αOŷ,t = 0, αPŷ,t = 1.

According to De Grauwe (2011), the parameter γ can be also interpreted as a “will-

ingness to learn from past performance” (p. 429).

The selection process thus works in the following way: the agents assess the

current performance of the rule which they are currently following based on its

forecast performance in the previous period U j
t−1 and the deviation between the

expected output gap and its actual realization (Ej
t−1ŷt−ŷt)—the larger this deviation

is, the lower the forecast performance in the current period is. Hence, if we assume

that e.g. the optimistic rule performs better than the pessimistic rule, the forecast

performance UO
t becomes higher than UP

t . The agents using the pessimistic rule

thus have an incentive to switch to the rule that is used by optimists. The higher

the parameter of the intensity of choice γ is, the more agents will switch to the more

profitable rule according to the equation 3.9. Consequently, the degree of volatility
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of the market forecast of the output gap increases and thus also the volatility of

the actual realizations of the output gap increases. To conclude, as De Grauwe

(2011) claims, “the rules may be biased, but agents reduce this bias by constantly

being willing to learn from past mistakes and to change their behavior” (p. 430).

Note that the definition of fraction of agents using given heuristic is similar to

the approach of Anufriev and Hommes (2012) described in Section 2.3 if we set the

asynchrony parameter δ to 0. One can think of it in the following way: as δ is

a parameter expressing the persistence in the impact of the given rule, the higher

it is, the less participants are willing to change their forecasting rule. However,

the parameter of the intensity of choice has the same role—the lower it is, the

less participants are willing to change the rule that they use. Hence, these two

parameters have a reverse effect on the impact of the heuristic and thus δ can

be omitted in the definition of the probabilities of using a given heuristic in the

Behavioral NK DSGE model.

The expectations about the future inflation gap are defined using the same

logic. We follow the two inflation forecasting rules defined by De Grauwe (2011).

The heuristics used for inflation gap are different than those for the output gap,

though the whole performance measurement and switching process is exactly the

same. The first heuristic rule is based on following the announced inflation gap

target. The target π̂∗ is announced by a central bank and it works as an anchor for

agents using this rule. We call these agents targeters. The second group of agents

is called extrapolators as they extrapolate the value of the inflation gap from the

past into the future. Therefore, the expectations have the form of:

Ẽtar
t π̂t+1 = π̂∗ = 0 (3.11)

Ẽext
t π̂t+1 = π̂t−1 (3.12)

where {tar, ext} stand for targeters and extrapolators, respectively. The inflation

gap target is set to 0 percent which can be explained in the way that the central

bank targets to “minimize the deviation of its realized target rate of inflation from

the corresponding time-varying steady state value” (Jang and Sacht, 2016, p. 10).

The market forecast is again computed as a weighted average of the two biased
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forecasts:

Ẽtπ̂t+1 = αtarπ̂,t Ẽ
tar
t π̂t+1 + αextπ̂,t Ẽ

ext
t π̂t+1 = αtarπ̂,t π̂

∗ + αextπ̂,t π̂t−1 (3.13)

where (αtarπ̂,t + αextπ̂,t ) = 1 and αtarπ̂,t and αextπ̂,t represent probabilities that the agent is

an targeter or extrapolator in forecasting the inflation gap in period t.

The utilities for the forecast performances of the groups of agents are again given

in the same way as for the output gap:

U s
t = ρU s

t−1 − (1 − ρ)(Es
t−1π̂t − π̂t)2 (3.14)

where s = {tar, ext}.

The switching mechanism of the probabilities that agents are using a given heuris-

tic is defined as follows:

αtarπ̂,t = exp(γU tar
t )

exp(γU tar
t ) + exp(γU ext

t ) (3.15)

αextπ̂,t = exp(γU ext
t )

exp(γU tar
t ) + exp(γU ext

t ) = 1 − αtarπ̂,t (3.16)

The parameters γ and ρ are the same for expectation formation in terms of both

the output gap and inflation gap. The selection process works in the same way as in

the case of output gap expectations. The inflation gap forecasting heuristics can be

considered as measures of credibility of the central bank’s inflation targeting. If the

credibility is high, the rule used by targeters will produce low biases in the forecast

performance measurement and therefore the fraction of agents using this rule will

be higher.

3.2 Various Specifications of the Behavioral Model

The version of the model specification presented in Section 3.1 is not the only form

that has been suggested since De Grauwe (2011) published his paper. In this sec-

tion, all the other found specifications are presented. There are two main dividing

features of the model. First, it is the determination of forward-looking or hybrid

structure of the model. Second, the set of heuristics that agents use for forecast-

ing the future value of the output gap differs and all different sets that have been
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used in Behavioral NK DSGE model literature is examined. Note, that the only

heuristics for forecasting future inflation gap used in the given literature are those

described in Section 3.1. Therefore, there is no variation of the set of inflation gap

heuristics across the established specifications of the Behavioral NK DSGE model

in this thesis.

3.2.1 Forward-looking and Hybrid Model Structures

To clearly state what is the difference between these two models, let us specify

here how are both of the models defined. First, the hybrid model follows the form

determined in the equations 3.1-3.3. Second, the forward-looking model has the

following form:

ŷt = Ẽtŷt+1 − τ(r̂t − Ẽtπ̂t+1) + ϵŷ,t (3.17)

π̂t = νẼtπ̂t+1 + κŷt + ϵπ̂,t (3.18)

r̂t = ϕr̂r̂t−1 + (1 − ϕr̂)(ϕπ̂π̂t + ϕŷŷt) + ϵr̂,t (3.19)

Note that according to De Grauwe (2011), the main contribution of the behavioral

model is its capability of generating business cycles endogenously compared to stan-

dard NK DSGE model. In the hybrid version of the standard model shocks are

created exogenously and inertia is caused by lags in the transmission of the shocks

to output and inflation. Lengnick and Wohltmann (2016) do confirm that “introduc-

tion of hybridity into the baseline NK model is typically justified (microfounded) by

assuming habit formation or rule-of-thumb behavior” (p. 152). On the other hand,

according to De Grauwe (2011), behavioral model is capable of generating substan-

tial level of inertia also with no lags in the transmission process, thus no hybridity

is necessary. Hence, models of the form 3.17-3.19 with heterogeneous expectations

are able to produce persistence in output and inflation—this feature of the models

will be tested later.

Jang (2012) further explains that persistence in standard NK models is in addi-

tion caused by inter-temporal substitution given by parameter τ in IS equation and

by slope κ in Phillips curve equation. He calls this kind of persistence “inherited”.
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Another factor causing persistence is the possible autoregressive process in error

terms ϵŷ,t and ϵπ̂,t. This kind of persistence is called “extrinsic”.

3.2.2 Heuristics for Forecasting Future Value of Output Gap

There are four different sets of heuristics used for forecasting future value of output

gap found in the Behavioral NK DSGE literature. Here follows the description of

output gap heuristics.

First group of heuristics corresponds to the original one described in Section 3.1.

Agents can switch between two rules—optimistic and pessimistic. This approach

have been analyzed in De Grauwe (2011) and Jang and Sacht (2016). De Grauwe

(2011) argues that he assumes the simplest possible set of beliefs and it can be easily

extended. In his research paper, he does not justify the value of the parameters used

and he simply simulates the model using these parameters and examines its different

features. Jang and Sacht (2016) follow De Grauwe’s approach and perform estima-

tion of the model and provide a comparison with rational expectations model. If

one wants to relate the set heuristics to the outputs of experimental macroeconomics

discussed in Section 2.2.2, it would be closely related to the Learning anchoring and

adjustment rule defined by Anufriev and Hommes (2012), where the anchor is rep-

resented by the subjective mean value of the output gap β and the adjustment is

represented by the unconditional standard deviation of the output gap λŷ,t.

Second group of heuristics was used again in De Grauwe (2011). It is an extension

of the previous set of heuristics and it includes a three-agent model. It allows for the

possibility that agents might be able to forecast the output gap correctly, meaning

they might use an unbiased rule of the following form:

Ẽun
t ŷt+1 = 0 (3.20)

The utility for the forecast performance is defined in the same way as in equa-

tion 3.8, where the set j now includes all of the three heuristics {O,P, un}. The
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probabilities that agents are using a given heuristic now change as follows:

αOŷ,t = exp(γUO
t )

exp(γUO
t ) + exp(γUP

t ) + exp(γUun
t ) (3.21)

αPŷ,t = exp(γUP
t )

exp(γUO
t ) + exp(γUP

t ) + exp(γUun
t ) (3.22)

αunŷ,t = exp(γUun
t )

exp(γUO
t ) + exp(γUP

t ) + exp(γUun
t ) (3.23)

Third group of heuristics was presented by De Grauwe (2012) and later used by

Grazzini et al. (2017) in the estimation of the model. Agents can switch between

two rules. Let us follow the same nomenclature for the rules defined in the same

way and name the first one the unbiased rule as in the previous case. Agents

using this rule are capable of estimating the steady state value of the output gap

and use it as its forecasted future value. The steady state is normalized at 0. The

second rule that agents may choose is called the extrapolative rule. Using this

rule agents simply extrapolate the previous value of the output gap into the future.

De Grauwe (2012) explains, that the unbiased rule only assumes that agents know

the structure of the model and that is why they can compute the steady state of

the output. However, they do not have rational expectations as they do not know

the behavior of agents using the extrapolative rule which is the cognitive limitation

that these agents have. De Grauwe (2012) further clarifies, that the unbiased rule

also requires the agents to know the value of the output gap in the current period

ŷt, however they cannot compute it as they would have to count with the effect

of their own forecast and of the forecast of the other group of agents—this is only

possible under rational expectations assumption. Therefore, this set of heuristics

is not realistic and as De Grauwe (2012) emphasizes, it is rather a “parsimonious

representation of a world where agents do not know the ‘truth’ ” (p. 487). The

expectations are formed in the following way:

Ẽun
t ŷt+1 = 0 (3.24)

Ẽext
t ŷt+1 = ŷt−1 (3.25)

where Ẽun
t and Ẽext

t represent the expectation formation under unbiased and ex-

trapolative rule, respectively. The market forecast is computed in the same way as
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in the equation 3.7 and the utilities for the forecast performances along with the

probabilities of agents to use a given rule are computed in the same way as in the

equations 3.8 and 3.9-3.10, respectively. In regards to the results of experimental

macroeconomics discussed in Section 2.2.2, the aforementioned unbiased heuristic is

equivalent to the naive expectations defined by Hommes et al. (2005).

Forth group of heuristics is defined by Jang and Sacht (2017) and it allows agents

to switch between four rules of the following form:

ẼF
t ŷt+1 = ȳ + ψŷ(ŷt−1 − ȳ) (3.26)

ẼC
t ŷt+1 = ŷt−1 + ξŷ(ŷt−1 − ŷt−2) (3.27)

ẼO
t ŷt+1 = 1

2 (β + δλŷ,t) (3.28)

ẼP
t ŷt+1 = −1

2 (β + δλŷ,t) (3.29)

where ȳ represents the steady state value of output gap and we will assume it equals

0 for simplicity. Equations 3.26 and 3.27 describe the beliefs of fundamentalists

and chartists, respectively. These beliefs are said to be the technical ones. They

are considered to be used by professional forecasters and they are also referred to as

the rule-of-thumb behavior as they consist of backward-looking variables. Funda-

mentalists are convinced that the future value of the output gap will converge to its

steady state value ȳ and the speed by which it is happening is given by the parameter

ψŷ, 0 ≤ ψŷ ≤ 1. If ψŷ is close to 0, the convergence happens very quickly, whereas

if it is close to 1, it happens very slowly. Chartists base their expectation on the

development of the past realizations of the output gap. Parameter ξŷ represents the

direction by which chartists will adjust their forecast. In case the parameter ξŷ > 0

the difference between the first and second lag of the output gap is extrapolated

into the future value and in case the parameter ξŷ < 0 the difference has a reversal

effect on the expectation. The technical heuristics follow the belief types defined

by Gaunersdorfer et al. (2008) in their asset pricing model with boundedly rational

traders. With regards to the results of experimental macroeconomics discussed in

Section 2.2.2, the fundamentalist’s rule is equivalent to adaptive expectations rule

and the chartist’s rule to the trend-following belief both defined in Anufriev and

Hommes (2012).
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The two remaining equations 3.28 and 3.29 are equivalent to the beliefs defined

in 3.4 and 3.5. These heuristics can be called emotional heuristics and they were

already described in detail in Section 3.1. Note, that they can be closely related to

the learning anchoring and adjustment rule of Anufriev and Hommes (2012).

The market forecast is again computed as a weighted average of the four forecasts:

Ẽtyt+1 =
4∑
i=1

(αk(i)
y,t Ẽ

k(i)
t yt+1) (3.30)

where k = {F,C,O, P}. The utilities for the forecast performances are defined in

the following way:

Uk
t = ρUk

t−1 − (1 − ρ)(Ek
t−2yt−1 − yt−1)2 (3.31)

where the respective parameters are defined in the same way as for the equation 3.8.

The probabilities that the agents follow the given rule are specified as follows:

αOy,t = exp(γUO
t )∑4

i=1 exp(γU
k(i)
t )

(3.32)

αPy,t = exp(γUP
t )∑4

i=1 exp(γU
k(i)
t )

(3.33)

αCy,t = exp(γUC
t )∑4

i=1 exp(γU
k(i)
t )

.exp

[
−(yt−1 − ȳ)2

ω̄

]
(3.34)

αFy,t = 1 −
3∑
i=1

α
l(i)
y,t (3.35)

where ω̄ in equation 3.34 is the correction term and l = {C,O, P}. According to

Jang and Sacht (2017), the probability αCy,t that agents are chartists is defined in a

different way from the others in order to “account for a decline in the fraction of

chartists as consumption deviates further from its steady state value” (p. 13). In

addition, they explain that the last term in the equation 3.34 is a “transversability

condition in the model with heterogeneous agents and can be seen as a penalty term

in the chartists’ forecast performance” (p. 13).
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Methodology

The main goal of the empirical analysis is to determine how appropriate and use-

ful the behavioral approach is in modeling real world data and in replication of

macroeconomic stylized facts. In order to do so, various combinations of the model

specifications are compared with real world data and stylized facts based on criteria

identified from the stylized facts that are being discussed in this chapter. Moreover,

this chapter covers the particular details of the analysis and description of actual

data used for comparison.

4.1 Stylized Empirical Facts about Output and

Inflation Dynamics

Cont (2001) defines stylized empirical facts as “properties, common across a wide

range of instruments, markets and time periods” (p. 224). Similarly, De Grauwe

(2012) summarizes stylized facts as empirical regularities. In this section, macroe-

conomic stylized facts about output and inflation dynamics are described. However,

taking into account the nature of the simulated and real world data series analyzed

in this thesis, only those empirical findings of which presence can be in some way

tested are presented. Cogley and Nason (1995) reported the following stylized fact

about output dynamics in the United States:

36
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GNP growth is positively autocorrelated. Cogley and Nason (1995) report

findings of Cochrane (1988) and state that “output growth is positively and sig-

nificantly autocorrelated over short horizons and negatively but insignificantly au-

tocorrelated over longer horizons” (p. 484). They find a positive and significant

autocorrelation for 2 lags, measured quarterly. When the variance of output growth

is decomposed by frequency distribution, the corresponding periodic component has

greater amplitude than other components over the range from 2.33 to 7 years per

cycle, with maximum at about 3.2 years per cycle. This means that considerable

fraction of the variance of output growth takes place at frequencies of business-

cycle. The autocorrelation function thus gives a notion about the business-cycle

periodicity.

Fagiolo et al. (2008) describes the following empirical regularity about output

growth series:

The shape of the distribution of output growth-rate time series. The

author found that in the USA as well as in many other OECD countries, the distri-

bution of growth-rate is well approximated by exponential power distribution that

has—as opposed to the normal distribution—much fatter tails. The distribution

is though more or less symmetric and there is no evidence of skewness. The find-

ing implicates that large jumps, positive or negative, are more common than it is

predicted by the normal distribution. Indeed, De Grauwe (2012) states that this

property implies that the movements within the business cycle are typically rep-

resented by small changes followed by unpredictably large booms. According to

Fagiolo et al. (2008), the result is valid even when 1) different measures of output

are used, 2) outliers, autocorrelation and possible heteroscedasticity are removed

from the time-series, 3) non-parametric estimations and other thick-tailed density

families are employed. The finding was shown to be valid across cross-sectional as

well as time-series data.

We can conclude that it is empirically observed that the output growth exhibits

periodical repetition of a large part of its variation at the frequency of the business
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cycle. In addition, the output growth is non-normally distributed and exhibits fat

tails. Note, that according to Fagiolo et. al (2008) the macroeconomic models should

be able to reproduce this distributional property as models that fail to account

for this empirical regularity in their data-generating process can lead to incorrect

implications.

It should be pointed out, that both of the above mentioned stylized facts refer

to output growth series. However, in the analysis in this thesis output gap instead

of output growth is employed in order to account for a changing value of potential

output. Output gap is computed as the difference between the actual value of

output in the current period and the potential output defined as its time-varying

trend estimated using Hodrick-Prescott (H-P) filter. On the other hand, output

growth is derived as the first difference between the current and prior output value

divided by the prior value of the output.

Fagiolo et al. (2009) study the impact of alternative detrending techniques on

the properties of the US output time series distribution. The time series spans from

1941 to 2005 and is recorded quarterly. They detrend this GDP time series using

first-differencing, Hodrick-Prescott filter and two kinds of bandpass filters. Even

though they show that the resulting distributions can be better approximated by

symmetric Exponential-Power densities for all four filtered series, they report lower

levels of kurtosis for H-P filter and bandpass filters compared to the first-differencing.

Therefore, there is at least some loss of fat tails and high peaks compared to the

first-differencing. Next, Fagiolo et al. (2009) also estimate the shape parameters

of the Exponential-Power density function to be significantly closer to 2 for H-P

and bandpass filters series than for first-differencing series. Bearing in mind that

when the shape parameter of the Exponential-Power density function equals to 2

the function is approximately equal to the probability density function of normal

distribution, we can conclude that H-P and bandpass filter series are closer to be

normally distributed than the first-differencing series. Fagiolo et al. (2009) argue

that the possible explanation of the difference is the fact that the H-P and bandpass

filters wash away high-frequency fluctuations which are, according to their findings,

more favorable for producing fat-tail distributions.



Chapter 4. Methodology 39

Since no stylized empirical facts about output gaps were found, our analysis

refers to the distributional empirical fact described by Fagiolo et al. (2008) with

respect to the findings of Fagiolo et al. (2009). Note, that autocorrelation structure

should not be distorted by the detrending technique.

Finally, Nelson (1998) documents the following stylized fact about inflation dy-

namics in the data from the United States:

Inflation persistence. Nelson (1998) defines the inflation persistence as “high

and slowly decaying positive autocorrelations of the quarterly first difference of the

log GDP deflater” (p. 304). The first order autocorrelation coefficient is computed

to be 0.89. The higher order autocorrelation coefficients remains over 0.60 even at

the sixth lag. Nelson (1998) also calculates impulse response of inflation to a 1%

monetary innovation using VAR system and finds that the peak is reached after 13

quarters, corresponding to more than 3 years.

4.2 Specifics of the Analysis

4.2.1 Combinations of the Model Specifications

The various model specifications described in detail in Section 3.2 are combined

into 17 combinations based on heuristics for forecasting future value of output gap,

parameters set and forward/hybrid looking setting. Heuristics for forecasting future

value of inflation gap are not included in the set of distinguishing specifications since

they are defined in the same way in all identified papers. There are 5 different sets

of output gap heuristics that are collected from papers of De Grauwe (2011), De

Grauwe (2012) Jang and Sacht (2016) and Jang and Sacht (2017). Note, that model

specification used by Grazzini et al. (2017) mirrors the specification defined by De

Grauwe (2012) and as they do not provide the results of their parameters estimation,

the paper is not considered when referring to various model specifications. The

groups of heuristics are described in Section 3.2.2 in more detail. In our 3-characters

label system, the output gap heuristics are differentiated using letters A to E.



Chapter 4. Methodology 40

Next, 5 different sets of parameters are collected and combined with other spec-

ifications. The parameters that were originally estimated or used in hybrid forms of

the model are also applied to forward-looking forms of the model. However, when

the parameters were estimated only on forward-looking model, they are not applied

on hybrid forms as there are some parameters missing. In addition, in case of Jang

and Sacht (2017), the authors estimated the parameters of the same model with the

same heuristics on both the US and Euro data and thus we keep this distinction and

apply them respectively. This is also one of the differences between simulations of

Euro Area and US economy. As more sets of output heuristics were examined within

the same papers and thus more sets of parameters were estimated, we distinguish

these sources by different capital letters at the end of the reference to that same

paper. Altogether, along the whole empirical part, it is referred only to 3 differ-

ent papers as no other authors who dealt with the topic of Behavioral NK DSGE

models have used a different set of parameters or published their estimations. In

our 3-characters label system the different parameters sets are differentiated using

numbers 1 to 5.

Finally, the forward and hybrid time-looking settings are distinguished by a third

character F or H, respectively. Therefore, for instance, label A1H stands for a combi-

nation of output gap heuristics from group A—optimists and pessimists, parameters

set estimated by Jang and Sacht (2016) and hybrid structure of the model. The list

of all combinations and their assigned labels can be found in Appendix B.

4.2.2 Common Setting for All Simulated Combinations

The model is simulated in the form described in Chapter 3 using MATLAB software

of version R2017a. Certain common setting is assumed across all cases and simu-

lations. First, the unconditional standard deviation of the output gap λŷ,t defined

in equation 3.6 is computed over a window of 20 past observations corresponding

to 5 years time. For the first 20 observations, real output gap data are used to

compute this standard deviation. This feature is a source of another difference be-

tween simulations of the US and Euro area economy. Next, a burn-in period of 100

observations is set to wash away the influence of the use of the real data to start
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up the heuristics dynamics. These first 100 observations are not taken into account

when evaluating the model and additional 160 observations are simulated to mir-

ror the period over which the real data are observed. The total 260 observations

are simulated 1,000 times using the same set of random shocks for respective runs

for each of the 17 combinations of specifications. The reported values of moments,

statistics and functions are always averaged over all 1,000 simulations.

Following the approach of Jang and Sacht (2016), the discount factor ν in equa-

tion 3.2 is set to 0.99 and the memory of agents ρ in equation of type 3.8 is set to 0.

The intensity of choice γ used in equations of type 3.9 and 3.10 is set to 1 according

to the estimation results of Jang and Sacht (2016)—when γ was set to 1, the esti-

mated parameters had more narrow confidence intervals than when the value was

set to 0.1, 10 and 100. Last, the forward-looking model structure is derived from

the hybrid structure by setting the parameters for representative household’s degree

of habit formation χ and degree of price indexation α to 0. Following the approach

of De Grauwe (2011) and Jang and Sacht (2017), the Taylor rule was kept in a

hybrid form for both forward-looking and hybrid structures of IS and NK Philips

curve equations. The reasoning for such set up can be the fact that the form of this

rule depends solely on one entity and it is always known for all involved parties. In

addition, the investigation of its appropriate form is out of scope of this thesis.

4.2.3 Specifics of the Comparison

The simulated output and inflation gaps are compared with stylized facts described

in Section 4.1 and with output and inflation gaps reported for US and Euro area

based on criteria identified from the stylized empirical facts. The investigated fea-

tures of the series include the distributional characteristics of output gap: mean,

variance, skewness, kurtosis and normality tests. These criteria are chosen in order

to examine the presence of symmetry, fat tails and exponential distribution that

together represent one of the reported stylized facts of output growth series. Next,

the business-cycle periodicity is examined using autocorrelation functions of output

gap series in order to investigate if the series exhibit the positive significant auto-

correlation over short periods and negative insignificant autocorrelation over longer
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periods that are widely documented in real world data. Last, the degree of inflation

persistence in simulated and sample inflation gaps is analyzed in order to determine

if the series have long and slowly decaying positive autocorrelation structure that is

identified to be one of the empirical regularities reported for inflation series.

Finally, in order to determine if the changing fractions of agents using a given

heuristic for forecasting output and inflation gaps represent the endogenous sources

of business cycles in the Behavioral NK model, the average correlation coefficients

between those fractions of agents and the resulting simulated output and inflation

gaps are computed.

4.3 Data

The data sets used for the simulation and comparison in this thesis are those that

were used by Jang and Sacht (2016) in their research. The data are described in

detail in the following sections.

4.3.1 US Data

The data set for the US comes from the database of Federal Reserve Bank of St.

Louis. The data span from 1970 to 2009 and they are recorded quarterly. The

quarterly values of short-term nominal interest rate are expressed as seasonally-

adjusted annual effective federal funds rates. The real GDP and consumer

price index are calculated using index numbers with a reference year of 2009. The

real GDP is obtained by multiplying the index number by the current dollar value

in the reference year of 2009 and it is expressed in billions of dollars. The consumer

price index is kept in the form of an index number.

Inflation gap is computed as the difference between the inflation rate, com-

puted from the consumption deflator as the percentage annual increase, and its

trend component. The trend component is estimated using Hodrick-Prescott filter

with smoothing parameter of λ = 1600. Output gap is computed as the percent-

age change between the real GDP and the potential GDP calculated as the trend

component of real GDP using the Hodrick-Prescott filter with smoothing parameter
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of λ = 1600. Interest rate gap is computed using the same technique, but as the

difference between the interest rate and its trend component.

4.3.2 Euro Area Data

The data set for Euro area comes from the 10th update of the Area-Wide Model

(AWM) database provided with the European Central Bank (ECB) working paper

written by Fagan et al. (2001). According to Fagan et al. (2001) the country

series come from various sources, mainly from “OECD National Accounts or Main

Economic Indicators or the BIS database for back-dates and Eurostat data for recent

periods” (p. 52). The data were seasonally and calendar adjusted before aggregation.

The variables are corrected with reference year 1995. The real GDP expressed in

millions of ECU/euro, consumption deflator computed as the ratio of nominal

and real individual consumption expenditure and nominal short-term interest

rate computed as 3 month EURIBOR rate are selected from the AWM database

and further adjusted into the gap format. The data span from 1970 to 2009 and

they are recorded quarterly.

The same adjustment procedure as for the US data set has been conducted for

the Euro area data set. Thus, we essentially work with output gap, inflation gap

and interest rate gap expressed as deviations of their level values from their time

varying trend component.
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Analysis of the Behavioral NK

Model

The analysis is organized in the following way. First, the similarity of the empirical

sample output and inflation gap series with the considered macroeconomic stylized

facts is examined. Next, the various simulated series are compared with both the

sample series and stylized facts. Note, that the presence of the stylized facts is not

examined in its whole complexity described in Section 4.1 due to the nature of the

data analyzed in this thesis and the intention to have clear comparative criteria

among a fairly high number of different model specifications. Taking into account

the conclusions from the comparison of the sample dataset and stylized facts, combi-

nations of specifications that fit those features the best are identified. Moreover, the

important characteristics of different groups of specifications are described. This

analysis is performed for both the US and Euro area data sets. In addition, the

simulated series are compared among themselves based on the correlation of their

proportional populations and generated output and inflation gap values.

5.1 Analysis of the US Data

In this section, distributional properties of the sample output gap and autocorrela-

tion functions of both sample output and inflation gaps are examined and compared

with documented macroeconomic stylized facts. This step is conducted in order

44
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to be able to assess the outcomes of the Behavioral NK model also based on the

deviations of the characteristics of the available empirical sample and the reported

stylized facts from various areas.

5.1.1 Distributional Properties of Sample Output Gap

First, let us examine the distributional properties of the real US data set. Table

5.1 contains the distributional measures computed for output gap series. The mean

output gap is computed to be -0.054, a value fairly close to zero. The variance of this

series is 2.602. The kurtosis is 3.190 and skewness -0.319. The values of skewness and

kurtosis that correspond to the normal distribution are 0 and 3, respectively. Figure

5.1 shows the histogram of the output gap series against the normal probability

density function.

As it is defined in MATLAB, Jarque-Bera (J-B) test returns a test decision for

the null hypothesis that the data come from a normal distribution with unknown

mean and variance. The J-B test is a goodness-of-fit test and it is based on the

sample size and values of skewness and kurtosis. The normal distribution of the

US output gap cannot be rejected using J-B test, however the p-value of the test

decision is not very high indicating a weak rejection.

The one-sample Kolmogorov-Smirnov (K-S) test tests the null hypothesis that

the standardized empirical data set comes from standard normal distribution and its

test statistic measures if the cumulative distribution function (cdf) of the empirical

series equals to the standard normal cdf. The normality is rejected using K-S test

at 5 % significance level.

Anderson-Darling (A-D) test also examines the null hypothesis that the data

come from a population with normal distribution, however its statistic measures the

distance between the normal distribution and the cdf of the empirical series over

ordered sample values from the lowest to the highest using weights that put greater

magnitude on the observations in the tails of the distribution. Thus, A-D test is

much more sensitive to outliers and therefore rather detects the distance from the

normality in tails than in the peak. A-D test applied to the US output gap cannot

reject normal distribution suggesting that the tails of this series’ distribution are
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not that fat or narrow compared to those of the normal distribution.

We can conclude that, according to the J-B test, the skewness and kurtosis

of the sample distribution rather fit the normal distribution. In addition, the A-D

test which focuses more on the tails of the distribution also cannot reject the normal

distribution at 5% significance level. However, according to the K-S test, the sample

cdf does not match the normal cdf at 5% significance level.

Figure 5.1: Distribution and Autocorrelation of US Output and Inflation Gap
The top figure depicts the histogram of the empirical sample output gap (blue bars) against the normal probability

density function (red line). The two lower figures depict the autocorrelation function of the sample output and

inflation gaps where the upper and lower horizontal lines represent the approximate 95% confidence bounds.

The findings about the output gap distribution in the US are against the styl-

ized fact concerning the shape of the distribution of output growth-rate time series

reported in Section 4.1. However, with respect to the findings of Fagiolo (2009) et

al. discussed in the very same section, it is not surprising that the output gap series

used for the analysis in this thesis and derived using H-P filter seems to be close to

the normally distributed series. The moments computed for the output gap series

used in this thesis are even closer to the values of moments of normal distribution

than the moments of the output gap series used by Fagiolo et al. (2009). This differ-

ence can be caused by the use of different set of data over a different period of time.

In addition, note, that the data set is not very long and all reported distributional
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properties can be biased due to rather small sample size.

5.1.2 Autocorrelation of Sample Output and Inflation Gap

Figure 5.1 depicts the autocorrelation functions of the US output and inflation gaps.

The depicted upper and lower horizontal lines represent the approximate 95% con-

fidence bounds. We can see that the output gap is positively and significantly au-

tocorrelated for four lags and negatively autocorrelated over longer horizons which

corresponds to the stylized fact described in Section 4.1. However, the negative

autocorrelation is significant from the 7th to the 17th lag corresponding to around

2 to 4 years time. The inflation gap series is positively and significantly auto-

correlated over first 4 lags and negatively autocorrelated over the longer horizons.

The negative autocorrelation is significant for the 7th to the 11th lag. This feature

does not correspond to the stylized fact about inflation persistence describing the

autocorrelation function of inflation to be positive and slowly decaying.

5.2 Match with the US Data

This section analyses the distributional and autocorrelation properties of the output

and inflation gaps simulated using Behavioral NK model with various specifications

customized to the US data. General characteristics of various combinations of spec-

ifications and similarity with the real US data and macroeconomic stylized facts are

analyzed. Finally, combinations of specifications exhibiting the best fit with the real

data are described.

5.2.1 Distributional Properties of Simulated Output Gap

In Table 5.1, there are documented the average distributional properties of the

resulting simulated output gap for all 17 combinations of different specifications.

Overall, the average mean value is around 0 for all cases including the sample data.

Another common feature is the symmetry of skewness values—the mean value of

skewness is around 0 for all combinations, though the standard deviations differ
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across different combinations and their values generally correspond to the magnitude

of the standard deviations of other measures within the same combination. In

addition, a decline in variance in combinations including optimistic and pessimistic

heuristics when switching from the parameter set of Jang and Sacht (2016) to De

Grauwe (2011) can be observed. This can be associated with the declining parameter

of standard deviation of the random shock to the output gap σy.

All the other criteria differs considerably more across different combinations.

The J-B test values recorded in Table 5.1 refer to the average J-B test decision and

they correspond with the percentage of cases in the 1,000 simulations of the series

in which the J-B test rejected the normal distribution. For example, for case A1H

the J-B test value is 0.508 which means that in 50.8% of simulations the J-B test

rejected the null hypothesis of normal distribution. The same logic applies to K-S

and A-D tests. As in the US sample the normality is not rejected with relatively high

p-value using J-B test, the lower values of J-B test indicate a better fit. Similarly,

combinations with lower values of A-D test decision are searched for. The normality

is strongly rejected using K-S test and thus we search for a combination with higher

values of K-S test measure.

A: Combinations with optimistic and pessimistic heuristics

For all combinations in the group where the output heuristics are only optimistic or

pessimistic, notwithstanding the parameter sets and time-looking setting used, the

J-B test value indicates that the simulated output gap does not follow the normal

distribution in more than 50% of cases. The standard deviations of the test values

are quite low, meaning that the test decision does not vary a lot across the number of

simulations. The kurtosis for all cases in this output heuristic group is significantly

lower than the one of the sample. The output gaps for these combinations are

thus much more uniformly distributed. The K-S test for this group rejects

the normal distribution in most simulations indicating that the cdf of the simulated

series differs from the one of the normal distribution which corresponds to the test

decision for the sample. The normality was also rejected by A-D test in most of the

simulated series. However, the test does not indicate in which direction the shape
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of tails differ from the normal distribution.

Table 5.1: Distribution of Sample vs. Simulated Output Gap in the US

Model *
Mean

(std)

Variance

(std)

Skewness

(std)

Kurtosis

(std)

J-B test

(p-value /

std) **

K-S test

(p-value /

std) **

A-D test

(p-value /

std) **

Sample -0.054 2.602 -0.319 3.190 0.000
( 0.169 )

1.000
( 0.020 )

0.000
( 0.361 )

A1H -0.003
( 0.221 )

1.834
( 0.244 )

0.005
( 0.223 )

2.217
( 0.220 )

0.508
( 0.126 )

0.984
( 0.378 )

0.827
( 0.378 )

A2H -0.012
( 0.477 )

1.578
( 0.404 )

0.011
( 0.399 )

2.251
( 0.490 )

0.837
( 0.137 )

0.981
( 0.218 )

0.950
( 0.218 )

A1F -0.003
( 0.213 )

1.765
( 0.196 )

0.003
( 0.250 )

2.191
( 0.229 )

0.638
( 0.104 )

0.989
( 0.260 )

0.927
( 0.260 )

A2F 0.009
( 0.275 )

1.471
( 0.315 )

-0.002
( 0.331 )

2.066
( 0.324 )

0.943
( 0.143 )

0.979
( 0.071 )

0.995
( 0.071 )

A3F 0.004
( 0.200 )

1.480
( 0.220 )

-0.010
( 0.290 )

2.061
( 0.257 )

0.903
( 0.100 )

0.990
( 0.055 )

0.997
( 0.055 )

B1H 0.000
( 0.218 )

1.677
( 0.651 )

0.009
( 0.452 )

3.349
( 0.722 )

0.383
( 0.500 )

0.524
( 0.498 )

0.458
( 0.498 )

B2H -0.005
( 0.540 )

1.818
( 1.310 )

0.018
( 0.626 )

3.229
( 0.768 )

0.587
( 0.401 )

0.799
( 0.442 )

0.735
( 0.442 )

B1F 0.004
( 0.155 )

1.133
( 0.440 )

0.002
( 0.447 )

3.441
( 0.742 )

0.391
( 0.461 )

0.305
( 0.485 )

0.378
( 0.485 )

B2F 0.001
( 0.235 )

0.625
( 0.578 )

0.003
( 0.648 )

3.549
( 0.990 )

0.472
( 0.238 )

0.940
( 0.500 )

0.475
( 0.500 )

B3F 0.001
( 0.093 )

1.447
( 6.172 )

0.002
( 0.365 )

3.384
( 0.866 )

0.321
( 0.388 )

0.816
( 0.470 )

0.328
( 0.470 )

C1H -0.005
( 0.189 )

1.271
( 0.218 )

0.002
( 0.205 )

2.655
( 0.312 )

0.060
( 0.498 )

0.546
( 0.388 )

0.185
( 0.388 )

C2H -0.013
( 0.435 )

1.025
( 0.332 )

0.004
( 0.306 )

2.611
( 0.397 )

0.270
( 0.443 )

0.732
( 0.496 )

0.432
( 0.496 )

C1F 0.003
( 0.139 )

1.057
( 0.164 )

-0.006
( 0.194 )

2.723
( 0.318 )

0.044
( 0.466 )

0.317
( 0.332 )

0.126
( 0.332 )

C2F 0.000
( 0.168 )

0.586
( 0.164 )

-0.006
( 0.230 )

2.726
( 0.351 )

0.089
( 0.459 )

0.698
( 0.405 )

0.207
( 0.405 )

C3F 0.002
( 0.108 )

0.725
( 0.139 )

-0.008
( 0.199 )

2.676
( 0.321 )

0.052
( 0.474 )

0.339
( 0.364 )

0.157
( 0.364 )

D4F -0.019
( 0.670 )

298.458
( 148.990 )

-0.010
( 0.558 )

3.526
( 3.034 )

0.251
( 0.055 )

0.997
( 0.495 )

0.574
( 0.495 )

E5F 0.006
( 0.712 )

349.529
( 268.919 )

-0.024
( 0.449 )

3.000
( 2.227 )

0.667
( 0.322 )

0.883
( 0.349 )

0.858
( 0.349 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

** In case of the Sample, the value in brackets corresponds to the p-value, however, for simulated series the value

in brackets corresponds to the standard deviation of the mean value.

All reported values of moments and tests for Simulated series are computed as a mean value of 1,000 simulations

and complemented with its standard deviation in the brackets. J-B test stands for Jarque-Bera test, K-S test for

Kolmogorov-Smirnov test and A-D test for Anderson-Darling test. The results of the tests are 0 if we cannot reject

the null hypothesis at 5% significance level and 1 otherwise. In case of simulated series, a mean value of 1,000 test

decisions is reported and can be interpreted as a percentage of simulations in which the null hypothesis is rejected.
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To sum up, the normal distribution is on average rejected in simulated series

with either optimistic or pessimistic output heuristics by all of the three tests. The

kurtosis values are way lower than the one of the normal distribution as well as of

the sample. In addition, the average variance for most of the combinations is lower

than the one of the sample and we can observe its decrease for forward-looking

specifications.

B: Combinations with unbiased and extrapolative heuristics

Average J-B test values indicate that the normal distribution is rejected in less than

50% of simulations for almost all combinations in group where the output heuristics

are either unbiased or extrapolative. However, the percentages are still rather high

with very high standard deviations. The kurtosis for these cases is higher than 3,

indicating fatter tails and higher peaks. However, the standard deviations of

the average kurtosis values are very high. A-D test which focuses more on the tails

when comparing the series with normal distribution cannot reject it for a higher

portion of simulations for most of the cases indicating that, among others, the tails

are not fat or narrow enough to reject the normal distribution. The skewness has

very high standard deviation within this group. K-S test rejects the normality in

higher number of simulations for most of the combinations within this group. The

average variance in this group is also very low compared to the variance of the

sample. Forward-looking specifications again exhibit lower variance levels compared

to their hybrid counterpart. Low variance indicates less booms and busts, however

booms and busts are one of the main features of the real world output gap series

and they are also observable in the US output gap series.

In conclusion, the decisions of normality tests of simulated series within this

group coincide on average with the test decisions for the US output gap series. The

kurtosis is at higher levels which coincides with the sample characteristic as well.

However, the variances of the series are rather low and all the measures computed

for this group have very high standard deviations and therefore this group generates

very unstable results.
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C: Combinations with optimistic, pessimistic and unbiased heuristics

According to the results of J-B test, the normality for all combinations within the

group with either optimistic, pessimistic or unbiased output heuristics cannot be

rejected in more than 70% of simulations with very low standard deviations. How-

ever, K-S test average decision values indicate different cdf from the one of standard

normal distribution for most of the combinations. The values of kurtosis range from

2.61 to 2.73, thus being closer to the kurtosis of the sample than those of the group

where only optimists and pessimists exist. The skewness values for all cases in this

group have very low standard deviations compared to the other cases. The variance

seems to be again lower for forward-looking specifications than for hybrid ones. In

addition, the variance levels are the lowest among all groups of output gap heuristics

used.

To sum up, on average, the outcomes of normality tests of the simulated series

coincide with those of the sample. The standard deviations for all measures within

this group are generally lower than those within the other heuristics groups demon-

strating a more stable specification. However, the levels of variance are very low

indicating less booms and busts in the output gap series.

D: Combinations with optimists, pessimists, fundamentalists and chartists

The group of heuristics in which the agents can be optimists, pessimists, fundamen-

talists or chartists when forecasting the output gap exhibits mean kurtosis higher

than 3 with standard deviation of more than 3 and mean variance as high as 298

with standard deviation almost 149. The simulated output gap using this group of

heuristics thus does not deliver the same properties as the sample output gap, it

seems to be very unstable and is not considered to fit the real data or stylized facts

in any case.

E: Combinations with fundamentalists and chartists

The group of heuristics with agents that are either fundamentalists or chartists

delivers similarly extreme results as the previously described group, mainly with
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respect to the variance of 350 with standard deviation of 269. Such values of the

distributional measures indicate that this specification is also very unstable and not

eligible to model output gap expectations.

5.2.2 Autocorrelation of Simulated Output and Inflation Gap

Let us focus on the level of autocorrelation found in the simulated output and

inflation gap series compared to the autocorrelation in the sample series. Table

5.2 compares the autocorrelation in simulated series with the autocorrelation in the

sample series. The value “Q test” stands for average test decision of the Ljung-

Box Q-test applied on the series of differences between the values of sample and

simulated autocorrelation functions. The null hypothesis of the test claims that

these differences are not autocorrelated for a fixed number of lags. Thus, if we can

reject the null, we can conclude that there is an autocorrelation in the differences

of the two series. In other words, if the difference between the autocorrelation

functions of the sample and simulated series is rather gradual—positive or negative—

than random, the Q test decision rejects the null indicating a systematic difference

between the data. If the test cannot reject the null, the difference is either random

or none. Number of lags tested is set to 8 as it is a slightly higher value than the

recommended one at the level of the natural logarithm of the number of observations

in the series.

As shown in Table 5.2 it was computed that almost in 100% of cases, there is an

autocorrelation in the difference of sample and simulated output gap autocorre-

lation coefficients with very low standard deviations. The p-value is approximately

0 for most of the cases indicating a strong evidence against the null. Therefore, none

of the specifications reproduces well enough the autocorrelation function of sample

output gap, however the difference is not random and it is rather gradual.

The case is slightly less pronounced for simulated inflation gap series. Q

test rejects the null hypothesis of no autocorrelation in 80% to 100% of simulations

across all combinations and thus there is still strong indication of autocorrelation

in the difference of the sample and simulated autocorrelation functions. However,

the standard deviations of the average test decisions are a lot higher than for the
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output gap series indicating that the autocorrelation differ a lot among simulations.

Table 5.2: Q test of the Match between Sample and Theoretical Autocor-

relation Functions in the US

Model *
Q test y

(std)

Q statistic y

(std)

P-value Q

test y (std)

Q test π

(std)

Q statistic π

(std)

P-value Q

test π (std)

A1H 1.000
( 0.000 )

43.027
( 6.284 )

0.000
( 0.000 )

1.000
( 0.000 )

41.128
( 4.666 )

0.000
( 0.000 )

A2H 1.000
( 0.000 )

42.708
( 2.382 )

0.000
( 0.000 )

0.992
( 0.089 )

41.291
( 6.366 )

0.002
( 0.026 )

A1F 1.000
( 0.000 )

42.888
( 6.161 )

0.000
( 0.001 )

0.991
( 0.094 )

42.100
( 6.330 )

0.003
( 0.040 )

A2F 1.000
( 0.000 )

42.396
( 1.757 )

0.000
( 0.000 )

0.989
( 0.104 )

43.785
( 9.232 )

0.006
( 0.059 )

A3F 1.000
( 0.000 )

41.460
( 5.244 )

0.000
( 0.000 )

0.991
( 0.094 )

50.184
( 8.371 )

0.004
( 0.051 )

B1H 1.000
( 0.000 )

43.920
( 7.741 )

0.000
( 0.000 )

0.997
( 0.055 )

41.225
( 5.442 )

0.001
( 0.026 )

B2H 1.000
( 0.000 )

42.563
( 4.952 )

0.000
( 0.000 )

0.993
( 0.083 )

41.938
( 6.442 )

0.002
( 0.031 )

B1F 1.000
( 0.000 )

44.926
( 7.767 )

0.000
( 0.000 )

0.983
( 0.129 )

41.705
( 8.840 )

0.006
( 0.059 )

B2F 1.000
( 0.000 )

45.407
( 6.695 )

0.000
( 0.000 )

0.982
( 0.133 )

43.864
( 10.317 )

0.004
( 0.037 )

B3F 1.000
( 0.000 )

48.363
( 9.080 )

0.000
( 0.001 )

0.918
( 0.275 )

39.989
( 15.782 )

0.027
( 0.108 )

C1H 1.000
( 0.000 )

46.775
( 8.508 )

0.000
( 0.000 )

0.996
( 0.063 )

40.437
( 5.906 )

0.001
( 0.024 )

C2H 1.000
( 0.000 )

43.844
( 5.577 )

0.000
( 0.000 )

0.991
( 0.094 )

40.791
( 6.763 )

0.003
( 0.039 )

C1F 1.000
( 0.000 )

47.905
( 8.404 )

0.000
( 0.000 )

0.975
( 0.156 )

40.955
( 9.387 )

0.010
( 0.071 )

C2F 1.000
( 0.000 )

46.171
( 7.756 )

0.000
( 0.000 )

0.983
( 0.129 )

43.693
( 10.288 )

0.004
( 0.041 )

C3F 1.000
( 0.000 )

50.303
( 9.453 )

0.000
( 0.001 )

0.799
( 0.401 )

30.256
( 15.084 )

0.067
( 0.162 )

D4F 1.000
( 0.000 )

59.753
( 8.422 )

0.000
( 0.001 )

0.993
( 0.083 )

53.531
( 6.029 )

0.003
( 0.039 )

E5F 1.000
( 0.000 )

60.041
( 8.669 )

0.000
( 0.002 )

0.973
( 0.162 )

49.860
( 9.863 )

0.009
( 0.067 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

This table compares the autocorrelations in simulated output and inflation gap series with the autocorrelation in the

sample series. “Q test” stands for average test decision of the Ljung-Box Q-test applied on the differences between

the sample and simulated autocorrelation functions. The value of 0 indicates that there is not enough evidence to

reject the null hypothesis that this difference is not autocorrelated for fixed number of lags and value of 1 indicates

that we can reject the null and the difference is autocorrelated. “Q statistic” stands for the average test statistic

of the Q-test. “P-value” stands for the average p-value of the Q-test. Standard deviations of all mean values are

reported the brackets.
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We can calculate the mean autocorrelation functions for each combination when

computing the autocorrelation functions of the individual simulated data sets and

obtaining the autocorrelation coefficients as averages over 1,000 simulations of the

model for each lag. All obtained autocorrelation functions are depicted in Appendix

D in Figures D.1, D.2, D.3 and D.4.

Autocorrelation function of simulated output gap series: various heuris-

tics and time-looking structures

In general, significant positive autocorrelation in simulated output gap series

over short horizons and insignificant negative autocorrelation over long horizons are

confirmed in almost all simulated series, no matter of the specification used, which

corresponds with the stylized fact about autocorrelation function of output growth

described in Section 4.1. The only exceptions are cases D4F where 4 different heuris-

tics are employed and E5F where agents are either fundamentalists or chartists—

these groups generate simulated series with significant negative autocorrelation over

medium long horizons. This feature coincides with the autocorrelation structure of

the US output gap series. In case of E5F significant positive autocorrelation over

long horizons is present.

When only either optimistic or pessimistic output gap heuristics are employed,

the simulated output gap exhibits significant positive autocorrelation over longer

horizons compared with combinations with other heuristics groups.

When comparing the combinations with forward-looking and hybrid model struc-

ture where the same heuristics and parameters are used, the forward-looking mod-

els produce significant positive autocorrelation over shorter horizons than hybrid

ones. This feature is more pronounced for the groups where unbiased heuristic is

employed. Note, that the level of autocorrelation is still substantially high even

for forward-looking model structures which confirms the hypothesis that even if no

lagged variables are included in the transmission process, the autocorrelation is still

present in the output gap data.
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Autocorrelation function of simulated output gap series: different param-

eter sets

The significant levels of autocorrelation in simulated output gap series last for

less lags when used parameters are those estimated by Jang and Sacht (2016) than

those calibrated by De Grauwe (2011), keeping the heuristic set and time-looking

structure of the model the same. As this difference is not that pronounced for

forward-looking structures as for hybrid structures and the difference is present

across all heuristics groups, the only possible parameter reflecting such difference is

the parameter χ which is the representative household’s degree of habit formation.

When the parameter χ is set to 0.451 as in the case of Jang and Sacht (2016), it

produces lower levels of persistence than when it is set to 1 as in case of De Grauwe

(2011). Habit formation of households that can be also regarded as their persistence

is closely related to autocorrelation degree—the higher the persistence of households,

the more is the current level of output gap related to its past levels or lags and the

higher the autocorrelation is.

Autocorrelation function of simulated inflation gap series

The computed autocorrelation functions of simulated inflation gap series show

that the forward-looking model structures produce significant positive autocorrela-

tions over shorter horizons than those produced by hybrid model structures. The

difference is not that marked though and the autocorrelation is strong and long

lasting in most of the series. This feature confirms the hypothesis that significant

autocorrelation is present also in series generated by forward-looking model struc-

tures.

When comparing the individual combinations within the forward-looking or hy-

brid structure and within the sets of heuristics A, B and C, the common feature

is declining autocorrelation levels when switching from parameters from Jang and

Sacht (2016) over those from De Grauwe (2011) to those from Jang and Sacht (2017).

Low autocorrelation levels are found also in case of D4F specification. The parame-

ters that correspond to such decline are parameters ϕy describing the central bank’s

reaction to contemporaneous output and ϕr determining the degree of interest rate
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smoothing. The lower these parameters are, the lower the autocorrelation is. Fol-

lowing the approach of De Grauwe (2011) and Jang and Sacht (2017), the Taylor

rule was kept in a hybrid form for both forward-looking and hybrid structures of IS

and NK Philips curve equations. However, it seems to influence the autocorrelation

levels of inflation gap series in a way that the higher the degree of interest rate

smoothing is, the larger attention is focused on the past levels of interest rate gap

and this backward-looking approach is transfered through IS equation to NK Philips

curve equation which is then reflected in the autocorrelation function of inflation

gap series.

5.2.3 Superior Combinations

There is no single combination of specifications that fits the real data series from

all perspectives. Regarding the distributional properties of output gap, none of the

combinations generates series that have similar level of variance of output gap as

the one of the real series. Cases that generate data with higher variances of output

gap, though within reasonable range up to 3, are much more appropriate when

matching the real data. In addition, the kurtosis levels should preferably be higher

than 3. Such combinations are those in group B where unbiased and extrapolative

heuristics are used for forecasting output gap. However, the standard deviations of

the average distributional measures of these simulated series are very high and thus

very unstable. The same applies to the groups D with four output gap heuristics

and E where output gap forecasters are divided into fundamentalists and chartists

and which generate series that are very variable and have high kurtosis, however

they are extremely unstable and their variances reach too extreme levels. Generally,

cases where parameter set from Jang and Sacht (2016) was used are more convenient

for US data as they generate series with higher output gap variances due to a higher

standard deviation of the output gap random shock.

In Figure 5.2, one random realization of the model is depicted. The chosen

combination of specifications is B1H which is one of the combinations that were

identified to fit the US output gap data the best. One can observe that in periods

when fractions of unbiased and extrapolators are around 0.5, the output gap is
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around 0, however in periods when those fractions reach more extreme values, i.e. 0

or 1, the output gap becomes also more variable. The same applies to the inflation

gap and fractions of targeters/extrapolators. One can also observe the cyclicality in

the simulated output gap series.

Figure 5.2: Simulation of Combination of Specifications B1H Based on US Data
The top three figures depict one of the random realizations of the simulated inflation, output and interest rate gaps

using a seed of normally distributed random shocks to generate 160 observations (blue) and the actual US inflation,

output and interest rate gaps (red) in the period from 1970 to 2009. Left lower figures depicts the simulated

fractions of inflation targeters and extrapolators. Middle lower figures show the simulated fractions of output gap

forecasters—unbiased and extrapolators.

Regarding the autocorrelation structure, the shape of the autocorrelation func-

tion of both output gap and inflation gap is best matched by the two combinations

with extremely unstable measures and levels of variances D4F and E5F. Therefore,

it seems that if the variance and stability levels could be controlled for, the other

properties of these two cases can match the US data very well.

5.3 Analysis of Euro Area Data

Similarly to the US data analyzed in Section 5.1, this section examines the dis-

tributional properties of the sample output gap and autocorrelation functions of

both sample output and inflation gaps from Euro area and compares them with the
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documented macroeconomic stylized facts.

5.3.1 Distributional Properties of Sample Output Gap

First, let us examine the distributional properties of the real data. As it is recorded

in Table 5.3 the computed mean of the sample output gap equals to 0 and the

variance to 1.345, which is very low value compared to the variance of the US output

gap. The kurtosis is computed to be 2.966 and the skewness to 0.204. Figure 5.3

shows the histogram of the output gap series against the normal probability density

function.

Using J-B test, the normal distribution of Euro Area output gap cannot be

rejected with p-value of 0.5 implying a strong rejection. The K-S test cannot reject

the normality of Euro area output gap at 5% significance level with p-value of 0.061.

However it rejects it at 10% significance level. The A-D test for Euro Area output

gap rejects the normal distribution at 5% significance level with p-value of 0.001.

In conclusion, according to the J-B test the skewness and kurtosis of the sample

distribution fit the normal distribution, however, if we look at the result of A-D test

which focuses more on the tails, we reject the normal distribution at 5% significance

level. In addition, according to the K-S test, the sample cdf does not match the

normal cdf at 10% significance level.

Possible reasons why the distribution of Euro Area output gap is not that far

from the normal distribution as opposed to the common stylized fact about excess

kurtosis and fat tails of output growth series are discussed in Section 5.1. Note again,

that we are limited with the number of observations from which we can derive only

limited conclusions.

5.3.2 Autocorrelation of Sample Output and Inflation Gap

As shown in the Figure 5.3, the output gap is positively and significantly auto-

correlated for the first four lags and negatively autocorrelated over longer horizons.

This feature of the output gap series coincides with the stylized fact about GNP

growth described in Section 4.1. However, the negative autocorrelation is again sig-
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Figure 5.3: Distribution and Autocorrelation of Euro Area Output and Inflation

Gap
The top figure depicts the histogram of the empirical sample output gap (blue bars) against the normal probability

density function (red line). The two lower figures depict the autocorrelation function of the sample output and

inflation gaps where the upper and lower horizontal lines represent the approximate 95% confidence bounds.

nificant, particularly from the 7th to the 18th lag. As opposed to the stylized fact

reported in Section 4.1, there is no significant autocorrelation in the inflation gap

series.

Another possible reason for the inconsistencies of the characteristics of the Euro

area output and inflation gaps with the stylized facts can be the fact, that the Euro

area data set was compiled using various aggregation and re-scaling techniques. As

stated by Fagan et al. (2001) this aggregation comes at cost with particular problems

including: “aggregation biases, potential lack of variability in data and the absence

of a well established body of empirical results relating to the area per se” (p. 8).

Therefore, it is possible that the data does not have to fulfill reported stylized facts

about output growth and inflation that were identified for separate countries with

unified historical circumstances.
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5.4 Match with the Euro Area Data

This section analyses the distributional and autocorrelation properties of the output

and inflation gaps simulated using the Behavioral NK model with various specifi-

cations customized to the Euro area data. Similarity with the Euro area data and

macroeconomic stylized facts are analyzed. Moreover, combinations of specifications

exhibiting the best fit with the real data are described.

5.4.1 Distributional Properties of Simulated Output Gap

The average distributional properties of the simulated output gap series are recorded

in Table 5.3 individually for each combination of different specifications. The results

are almost the same as for the US as there are only 2 differences between these

simulated series. The first difference comes from the first 20 observations that

are used for the standard deviations of output gap in optimistic and pessimistic

heuristics which are supposed to be washed away during the burn-in period. The

second difference is a set of parameters applied to combinations where parameters

from Jang and Sacht (2017) were used as they were estimated for both the US and

Euro areas and therefore the appropriate set of parameters according to the area

for which they were estimated is used for the simulations. These combinations are

labeled by parameter numbers 3, 4 and 5 and they include A3F, B3F, C3F, D4F

and E5F.

When comparing the tables 5.1 and 5.3 we can observe that these differences

do not change the distributional properties of the simulated output gaps for most

of the measures except for the level of variance. The variance of the combinations

with different parameters sets is lower compared to variances of simulated output

gaps for these combinations for the US. The difference between these simulated

US and Euro output gap series can be attributed to the standard deviation of the

random shock in output gap as well as in inflation gap that are estimated to be

lower for Euro Area. The lower variance of the output gap series with optimists,

pessimists, fundamentalists and chartists can be related to the much lower parameter

of predicted subjective mean value of output gap β for optimistic and pessimistic
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output gap heuristics for the Euro Area.

Table 5.3: Distribution of Sample vs. Simulated Output Gap in Euro Area

Model *
Mean

(std)

Variance

(std)

Skewness

(std)

Kurtosis

(std)

J-B test

(p-value /

std) **

K-S test

(p-value /

std) **

A-D test

(p-value /

std) **

Sample 0.000 1.345 0.204 2.966 0.000
( 0.500 )

0.000
( 0.061 )

1.000
( 0.001 )

A1H -0.003
( 0.219 )

1.835
( 0.244 )

0.005
( 0.222 )

2.217
( 0.221 )

0.504
( 0.500 )

0.984
( 0.126 )

0.822
( 0.383 )

A2H -0.008
( 0.477 )

1.581
( 0.406 )

0.006
( 0.398 )

2.248
( 0.486 )

0.839
( 0.368 )

0.984
( 0.126 )

0.947
( 0.224 )

A1F -0.003
( 0.213 )

1.765
( 0.197 )

0.003
( 0.250 )

2.191
( 0.229 )

0.637
( 0.481 )

0.990
( 0.100 )

0.927
( 0.260 )

A2F 0.009
( 0.278 )

1.472
( 0.312 )

-0.004
( 0.337 )

2.071
( 0.334 )

0.941
( 0.236 )

0.979
( 0.143 )

0.994
( 0.077 )

A3F -0.006
( 0.277 )

1.016
( 0.159 )

0.012
( 0.448 )

2.095
( 0.492 )

0.992
( 0.089 )

0.960
( 0.196 )

0.999
( 0.032 )

B1H 0.000
( 0.218 )

1.677
( 0.651 )

0.009
( 0.452 )

3.349
( 0.722 )

0.383
( 0.486 )

0.524
( 0.500 )

0.458
( 0.498 )

B2H -0.005
( 0.540 )

1.818
( 1.310 )

0.018
( 0.626 )

3.229
( 0.768 )

0.587
( 0.493 )

0.799
( 0.401 )

0.735
( 0.442 )

B1F 0.004
( 0.155 )

1.133
( 0.440 )

0.002
( 0.447 )

3.441
( 0.742 )

0.391
( 0.488 )

0.305
( 0.461 )

0.378
( 0.485 )

B2F 0.001
( 0.235 )

0.625
( 0.578 )

0.003
( 0.648 )

3.549
( 0.990 )

0.472
( 0.499 )

0.940
( 0.238 )

0.475
( 0.500 )

B3F 0.002
( 0.068 )

0.257
( 0.049 )

0.000
( 0.286 )

3.055
( 0.504 )

0.151
( 0.358 )

1.000
( 0.000 )

0.136
( 0.343 )

C1H -0.005
( 0.189 )

1.271
( 0.218 )

0.002
( 0.205 )

2.655
( 0.312 )

0.061
( 0.239 )

0.545
( 0.498 )

0.186
( 0.389 )

C2H -0.013
( 0.433 )

1.025
( 0.332 )

0.005
( 0.306 )

2.611
( 0.397 )

0.270
( 0.444 )

0.735
( 0.442 )

0.434
( 0.496 )

C1F 0.003
( 0.139 )

1.057
( 0.164 )

-0.006
( 0.194 )

2.723
( 0.318 )

0.044
( 0.205 )

0.317
( 0.466 )

0.126
( 0.332 )

C2F 0.000
( 0.167 )

0.586
( 0.164 )

-0.005
( 0.228 )

2.724
( 0.349 )

0.088
( 0.283 )

0.698
( 0.459 )

0.206
( 0.405 )

C3F 0.002
( 0.105 )

0.398
( 0.068 )

-0.006
( 0.210 )

2.765
( 0.326 )

0.050
( 0.218 )

0.954
( 0.210 )

0.133
( 0.340 )

D4F -0.004
( 0.389 )

83.350
( 91.447 )

0.004
( 0.819 )

5.015
( 4.099 )

0.545
( 0.498 )

0.929
( 0.257 )

0.717
( 0.451 )

E5F -0.004
( 0.297 )

57.637
( 67.438 )

-0.007
( 0.497 )

3.573
( 1.984 )

0.667
( 0.472 )

0.771
( 0.420 )

0.807
( 0.395 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

** In case of the Sample, the value in brackets corresponds to the p-value, however, for simulated series the value

in brackets corresponds to the standard deviation of the mean value.

All reported values of moments and tests for Simulated series are computed as a mean value of 1,000 simulations

and complemented with its standard deviation in the brackets (std). J-B test stands for Jarque-Bera test, K-S test

stands for Kolmogorov-Smirnov test and A-D test stands for Anderson-Darling test. The results of the tests are 0

if we cannot reject the null hypothesis at the 5% significance level and 1 otherwise. In case of simulated series, a

mean value of 1,000 test decisions is reported and can be interpreted as a percentage of simulations in which the

null hypothesis could be rejected.
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Table 5.4: Q test of the Match between Sample and Theoretical Autocor-

relation Functions in Euro Area

Model *
Q test y

(std)

Q statistic y

(std)

P-value Q

test y (std)

Q test π

(std)

Q statistic π

(std)

P-value Q

test π (std)

A1H 1.000
( 0.000 )

41.042
( 8.231 )

0.000
( 0.001 )

0.534
( 0.499 )

17.973
( 12.264 )

0.278
( 0.365 )

A2H 1.000
( 0.000 )

40.919
( 3.902 )

0.000
( 0.000 )

0.534
( 0.499 )

18.198
( 12.168 )

0.269
( 0.366 )

A1F 1.000
( 0.000 )

39.934
( 7.645 )

0.000
( 0.001 )

0.639
( 0.481 )

21.111
( 11.964 )

0.184
( 0.310 )

A2F 1.000
( 0.000 )

41.499
( 2.435 )

0.000
( 0.000 )

0.571
( 0.495 )

18.954
( 10.711 )

0.188
( 0.291 )

A3F 1.000
( 0.000 )

40.376
( 4.127 )

0.000
( 0.000 )

0.871
( 0.335 )

29.495
( 10.918 )

0.055
( 0.177 )

B1H 0.998
( 0.045 )

39.634
( 9.313 )

0.001
( 0.005 )

0.539
( 0.499 )

18.612
( 12.553 )

0.266
( 0.361 )

B2H 1.000
( 0.000 )

38.950
( 6.788 )

0.000
( 0.000 )

0.607
( 0.489 )

20.020
( 11.526 )

0.194
( 0.310 )

B1F 0.999
( 0.032 )

37.083
( 9.157 )

0.001
( 0.004 )

0.622
( 0.485 )

20.555
( 11.471 )

0.172
( 0.287 )

B2F 1.000
( 0.000 )

37.673
( 7.840 )

0.000
( 0.001 )

0.567
( 0.496 )

18.161
( 10.062 )

0.188
( 0.283 )

B3F 0.999
( 0.032 )

35.117
( 7.091 )

0.000
( 0.003 )

0.314
( 0.464 )

13.437
( 8.403 )

0.296
( 0.293 )

C1H 0.999
( 0.032 )

40.379
( 9.936 )

0.000
( 0.003 )

0.493
( 0.500 )

17.199
( 12.473 )

0.312
( 0.385 )

C2H 1.000
( 0.000 )

40.521
( 7.514 )

0.000
( 0.001 )

0.492
( 0.500 )

16.945
( 12.132 )

0.311
( 0.386 )

C1F 1.000
( 0.000 )

39.748
( 9.688 )

0.000
( 0.001 )

0.636
( 0.481 )

20.313
( 11.269 )

0.178
( 0.299 )

C2F 1.000
( 0.000 )

41.089
( 9.347 )

0.000
( 0.001 )

0.530
( 0.499 )

17.619
( 10.280 )

0.212
( 0.301 )

C3F 1.000
( 0.000 )

41.326
( 9.924 )

0.000
( 0.001 )

0.456
( 0.498 )

16.324
( 9.637 )

0.220
( 0.272 )

D4F 0.996
( 0.063 )

52.078
( 11.846 )

0.001
( 0.008 )

0.950
( 0.218 )

38.564
( 11.418 )

0.015
( 0.083 )

E5F 0.997
( 0.055 )

52.613
( 10.513 )

0.001
( 0.010 )

0.893
( 0.309 )

41.490
( 16.919 )

0.031
( 0.111 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

This table compares the autocorrelations in simulated output and inflation gap series with the autocorrelation in the

sample series. “Q test” stands for average test decision of the Ljung-Box Q-test applied on the differences between

the sample and simulated autocorrelation functions. The value of 0 indicates that there is not enough evidence to

reject the null hypothesis that this difference is not autocorrelated for fixed number of lags and value of 1 indicates

that we can reject the null and the difference is autocorrelated. “Q statistic” stands for the average test statistic

of the Q-test. “P-value” stands for the average p-value of the Q-test. Standard deviations of all mean values are

reported the brackets (std).



Chapter 5. Analysis of the Behavioral NK Model 63

5.4.2 Autocorrelation of Simulated Output and Inflation Gap

Table 5.4 compares the autocorrelations in simulated series with the autocorrela-

tion in the sample series. More detailed description of the approach is described

in Section 5.2. Again, in 100% of simulations of the output gap there is an au-

tocorrelation in the difference between the sample and simulated autocorrelation

coefficients across all combinations of specifications. Thus, there is a gradual dif-

ference between the autocorrelation functions which can be seen from Figures D.5,

D.6, D.7 and D.8.

The case is once again less pronounced for the autocorrelation in the difference

of autocorrelation functions of sample and simulated inflation gap. In addition,

the average Q test decisions have very high standard deviations indicating that the

autocorrelation functions differ a lot among simulations. The lowest average test

decisions that are below 0.5 are computed for two cases with the same parameters set

and time-looking structure, but different output heuristics—B3F and C3F. These

cases are also the only two cases that exhibit significant autocorrelation only for two

to three lags as can be seen in Figures D.6 and D.7.

The average autocorrelation functions for each combination of specifications are

identical to those computed for the US area. Therefore, the same characteristics of

the various combinations described in Section 5.2.2 are applicable for the autocor-

relation of the simulated output and inflation gaps customized to Euro area.

5.4.3 Superior Combinations

If one is to choose one combination of specifications that fits the real Euro area data

from the distributional and autocorrelation point of view the best, no single case

could be chosen. The combination that fits the distribution of the real series the best

is C1H that employs optimistic, pessimistic and unbiased heuristics when forecasting

output gap, it comes in the hybrid form and parameters estimated by Jang and

Sacht (2016) are applied. All cases in this group of heuristics have kurtosis close

the the one of the sample, though they lack of satisfactorily high variation levels.

However, the case C1H exhibits higher level of variation than others in the group
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and thus becomes the best option. Concerning the result of A-D test applied to the

simulated series using C1H specification, the normality cannot be rejected in most

of the simulations as opposed to the results for the sample. The same combination

of heuristics and time structure C2H for which parameters from De Grauwe (2011)

are applied mirrors the results of normality tests much better and thus it is a second

best option as its mean variance value is already relatively low.

In Figure 5.4, one random realization of the model is depicted. The chosen

combination of specifications is C1H which is one of the combinations that are

identified to fit the Euro area output gap data the best. One can observe that

in periods when fractions of optimists, pessimists and unbiased are around 0.3, the

output gap is around 0, however, in periods when those fractions reach more extreme

values, i.e. 0 or 1, the output gap becomes also more variable. The similar applies

to the inflation gap and fractions of targeters/extrapolators. One can also observe

the cyclicality in the simulated output gap series.

Figure 5.4: Simulation of Combination of Specifications C1H Based on Euro Area

Data
The top three figures depict one of the random realizations of the simulated inflation, output and interest rate

gaps using a seed of normally distributed random shocks to generate 160 observations (blue) and the actual Euro

area inflation, output and interest rate gaps (red) in the period from 1970 to 2009. Left lower figures depicts the

simulated fractions of inflation targeters and extrapolators. Middle lower figures show the simulated fractions of

output gap forecasters—optimists, pessimists and unbiased.

The case C1H is also one of the specifications that exhibits significant autocor-
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relation coefficients of output gap series for an adequately short horizon to mirror

the sample series. On the other hand, this case produces inflation gap series with

significant autocorrelation over very long period (up to 18th lag) which is not in line

with the sample characteristics. From the point of view of autocorrelation, forward-

looking model structures where also unbiased heuristics for forecasting output gap

are available seem to meet the properties better. Forward-looking combinations of

optimistic, pessimistic and unbiased heuristics C2F and C3F in which parameters

from De Grauwe (2012) and Jang and Sacht (2017) are applied and forward-looking

combination of unbiased and extrapolative heuristics B3F with parameters from

Jang and Sacht (2017) fit the autocorrelation characteristics much better for both

output and inflation gaps.

To sum up, the autocorrelation functions of Euro Area output gap and inflation

gap series are better approximated when also unbiased heuristic for forecasting out-

put gap is employed and forward-looking structure of the model is used. On the

other hand, forward-looking structures produce series with lower levels of output

gap variance, especially when parameters of De Grauwe (2011) and Jang and Sacht

(2017) are used.

5.5 The Endogenous Sources of Business Cycles

Tables 5.5, 5.6 and 5.7 show the computed average correlation coefficients between

the fractions of agents using a given heuristic for forecasting output or inflation

gap and the resulting output and inflation gap series based on the US data. Cross-

category correlation coefficients, examining output gap heuristics with inflation gap

values and inflation gap heuristics with output gap values, are also provided. The

same computation is applied to the simulated series based on Euro area data and

recorded in tables 5.8, 5.9 and 5.10. For combinations in which the agents can switch

only between two heuristics, the results are presented only for one of them as the

correlation for the second one is the same, only with the opposite sign. The goal of

this comparison is to determine if the changing fraction of agents using a certain rule

can be associated with the movements in output and inflation gaps or, in other words,
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for booms and busts. One of the reasons of introducing behavioral expectations

into the NK DSGE models is to implement endogenous sources of tranquil and

bumpy periods of output and inflation gap series. Therefore, the required correlation

between the fraction of agents and the output and inflation gaps should be rather

higher in order to be capable to consistently explain such movements.

5.5.1 Fractions of Agents and Output and Inflation Gap

Simulated Based on the US Data

In this section, correlations between fractions of agents forecasting output or infla-

tion gaps and the resulting simulated output and inflation gaps based on the US

area data are analyzed. Both within-category and cross-category coefficients are

investigated.

When looking at the average correlation coefficients between output gap

forecasters and the resulting simulated output gap recorded in Table 5.5, one

significant result stands out. In simulated series in which optimistic and pessimistic

rules are used, the correlation between the fraction of agents using optimistic or

pessimistic rule and the simulated output gap is higher than 0.9 with standard

deviations smaller than 0.04 across all specifications except the one where agents

can be optimists, pessimists, fundamentalists or chartists when forecasting output

gap. Nevertheless, this particular specification is identified to generate too extreme

results in most of the examined criteria along this thesis.

On the other hand, the correlation coefficients are close to zero with relatively

high standard deviations for fractions of unbiased agents across all specifications, no

matter of the presence of the optimistic and pessimistic rules. Higher variance and

zero mean values of these correlations imply highly oscillating relationship between

the fraction of agents using this heuristic and the value of output gap. Therefore,

no strictly positive or negative influence of this heuristic is found, though there

is still a strong relation. Regarding the other heuristics, the average correlation

coefficients are close to zero and their standard deviations are very small compared

to the previously described values.
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Table 5.5: Correlation between Output Gap Forecasters and Simulated

Output Gap in the US

Model *
Fraction of

Optimists (std)

Fraction of

Unbiased (std)

Fraction of

Fundamentalists

(std)

Fraction of

Chartists (std)

A1H 0.905
( 0.010 )

- - -

A2H 0.915
( 0.036 )

- - -

A1F 0.908
( 0.009 )

- - -

A2F 0.933
( 0.010 )

- - -

A3F 0.922
( 0.010 )

- - -

B1H - -0.001
( 0.224 )

- -

B2H - 0.000
( 0.467 )

- -

B1F - -0.005
( 0.220 )

- -

B2F - -0.005
( 0.388 )

- -

B3F - -0.006
( 0.200 )

- -

C1H 0.901
( 0.023 )

0.005
( 0.185 )

- -

C2H 0.911
( 0.049 )

0.009
( 0.391 )

- -

C1F 0.903
( 0.018 )

-0.001
( 0.153 )

- -

C2F 0.933
( 0.023 )

0.001
( 0.259 )

- -

C3F 0.910
( 0.017 )

-0.001
( 0.156 )

- -

D4F 0.208
( 0.230 )

- 0.001
( 0.150 )

-0.002
( 0.131 )

E5F - - 0.001
( 0.062 )

-

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a given heuristic

for forecasting output gap and the resulting output gap values. The standard deviations are provided in brackets.

Note, that for combinations in which the agents can switch only between two heuristics, the results are presented

only for one of them as the correlation for the second one is the same, only with the opposite sign.

If we consider the cross-category correlation coefficients between output

gap forecasters and the resulting inflation gap recorded in Table 5.6, the

relationship is stronger with fractions of optimists and pessimists, although not

that strong as it was in the case of output gap. The highest correlation over 0.5
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with lowest standard deviation is present when parameters estimated by Jang and

Sacht (2017)—B are applied to specifications with optimistic or pessimistic and

optimistic, pessimistic or unbiased heuristics. The possible reason of such difference

could be related to the value of parameter describing the central bank’s reactions

to contemporaneous inflation in the Taylor rule equation as changes in its value

correspond to the changes in the level of correlation across all specifications. Thus,

the central bank can possibly influence the reaction of inflation to changing fractions

of output gap forecasters when optimistic and pessimistic rules are applied.

Table 5.7 shows the computed average correlation coefficients between in-

flation gap forecasters and both the resulting inflation and output gaps.

Regarding the correlation between the fraction of targeters and extrapolators and the

value of simulated inflation gap, the mean value is close to zero for all specifications.

However, the standard deviations are higher than 0.4 for all specifications where

parameters from De Grauwe (2012) and Jang and Sacht (2016) are used. For the

specifications where parameters of Jang and Sacht (2017)—B are used, the standard

deviations are still higher than 0.3. Therefore, a similar pattern as for unbiased rule

for forecasting output gap can be observed with inflation targeting rule—highly os-

cillating relationship that implies no strictly positive or negative influence of these

heuristics.

Regarding the correlation between the fraction of targeters and extrapolators and

the value of simulated output gap, the mean value is again close to zero, though

the standard deviations are much smaller than in the previous case, implying not

very strong relationship between these variables. However, hybrid specifications

where parameters of De Grauwe (2012) were used show standard deviations of the

correlation higher than 0.3.

From the previous, it can be concluded that the level of correlation between

fractions of agents forecasting output or inflation gaps and the resulting output or

inflation gaps depends mainly on the way the expectations of individual types of

agents are formed. Regarding the cross-category correlation coefficients, another

important influencing factor is the value of various parameters used. Overall, opti-

mistic and pessimistic output gap heuristics seem to have the closest and clearest



Chapter 5. Analysis of the Behavioral NK Model 69

linkage with the values of both output and inflation gaps.

Table 5.6: Correlation between Output Gap Forecasters and Simulated

Inflation Gap in the US

Model *
Fraction of

Optimists (std)

Fraction of

Unbiased (std)

Fraction of

Fundamentalists

(std)

Fraction of

Chartists (std)

A1H 0.040
( 0.170 )

- - -

A2H -0.248
( 0.234 )

- - -

A1F 0.195
( 0.176 )

- - -

A2F 0.024
( 0.223 )

- - -

A3F 0.598
( 0.122 )

- - -

B1H - -0.003
( 0.139 )

- -

B2H - -0.004
( 0.263 )

- -

B1F - -0.002
( 0.133 )

- -

B2F - 0.000
( 0.182 )

- -

B3F - -0.007
( 0.134 )

- -

C1H -0.001
( 0.155 )

-0.002
( 0.115 )

- -

C2H -0.373
( 0.203 )

-0.005
( 0.282 )

- -

C1F 0.158
( 0.152 )

-0.004
( 0.104 )

- -

C2F -0.167
( 0.166 )

-0.003
( 0.163 )

- -

C3F 0.505
( 0.082 )

-0.004
( 0.115 )

- -

D4F 0.078
( 0.163 )

- 0.002
( 0.086 )

-0.003
( 0.140 )

E5F - - 0.000
( 0.070 )

-

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a given heuristic

for forecasting output gap and the resulting inflation gap values. The standard deviations are provided in brackets.

Note, that for combinations in which the agents can switch only between two heuristics, the results are presented

only for one of them as the correlation for the second one is the same, only with the opposite sign.
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Table 5.7: Correlation of Inflation Gap Forecasters with Simulated Infla-

tion and Output Gap in the US

Model *

Correlation of

Fraction of

Targeters with

Inflation Gap (std)

Correlation of

Fraction of

Targeters with

Output Gap (std)

A1H -0.013
( 0.459 )

0.004
( 0.137 )

A2H 0.001
( 0.544 )

-0.006
( 0.289 )

A1F -0.021
( 0.532 )

-0.003
( 0.145 )

A2F -0.003
( 0.480 )

0.000
( 0.191 )

A3F -0.011
( 0.383 )

-0.003
( 0.136 )

B1H -0.024
( 0.473 )

0.000
( 0.124 )

B2H -0.008
( 0.495 )

-0.003
( 0.271 )

B1F -0.037
( 0.514 )

-0.005
( 0.131 )

B2F -0.008
( 0.443 )

0.001
( 0.195 )

B3F -0.016
( 0.316 )

-0.006
( 0.151 )

C1H -0.023
( 0.512 )

-0.003
( 0.133 )

C2H -0.005
( 0.548 )

-0.002
( 0.309 )

C1F -0.022
( 0.514 )

-0.008
( 0.128 )

C2F -0.012
( 0.454 )

0.002
( 0.197 )

C3F -0.016
( 0.308 )

-0.007
( 0.130 )

D4F 0.000
( 0.135 )

-0.002
( 0.105 )

E5F -0.003
( 0.172 )

-0.002
( 0.079 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a targeting

heuristic for forecasting inflation gap and the resulting inflation and output gap values. The standard deviations

are provided in brackets. Note, that because the agents can choose only between two heuristics, the results are

presented only for targeters as the correlation for the second one is the same, only with the opposite sign.
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5.5.2 Fractions of Agents and Output and Inflation Gap

Simulated Based on the Euro Area Data

In this Section, correlations between fractions of agents forecasting output or infla-

tion gaps and the resulting simulated output and inflation gaps based the Euro area

data are analyzed.

The average correlation coefficients between output gap forecasters and

the resulting simulated output gap series are recorded in Table 5.8. With the

exception of specification where four heuristics are employed—optimists, pessimists,

fundamentalists and chartists—the results mirror the those for the US Area. The

exceptional specification exhibits twice higher correlation for optimistic and pes-

simistic rule than in case of the US area.

Table 5.6 records the cross-category average correlation coefficients between

output gap forecasters and the resulting inflation gap and again mirrors

almost all the results for the US area. The difference is present for specifications with

optimistic, pessimistic or unbiased heuristics when parameters estimated by Jang

and Sacht (2017)—B are applied. The correlation is now much smaller. This feature

can be caused by the value of central bank’s parameter describing its reactions to

current inflation—the parameter is substantially smaller than in case of the US area.

Finally, Table 5.10 contains the computed average correlation coefficients

between inflation gap forecasters and both the resulting inflation and

output gaps. All the general characteristics described in the previous section

where the US area is considered coincide with the results for Euro area.

To sum up, the same conclusions as are stated for the US can be reported for Euro

area. The main driver of within-category correlations is the way the expectations of

individual types of agents are formed. In case of cross-category correlations, the main

driver of differences between correlations are values of parameters. Overall, only

optimistic and pessimistic output gap heuristics bring stable and strong relationship

between the fraction of agents and the resulting output and inflation gaps values.
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Table 5.8: Correlation between Output Gap Forecasters and Simulated

Output Gap in Euro Area

Model *
Fraction of

Optimists (std)

Fraction of

Unbiased (std)

Fraction of

Fundamentalists

(std)

Fraction of

Chartists (std)

A1H 0.905
( 0.010 )

- - -

A2H 0.915
( 0.036 )

- - -

A1F 0.908
( 0.009 )

- - -

A2F 0.933
( 0.010 )

- - -

A3F 0.938
( 0.013 )

- - -

B1H - -0.001
( 0.224 )

- -

B2H - 0.000
( 0.467 )

- -

B1F - -0.005
( 0.220 )

- -

B2F - -0.005
( 0.388 )

- -

B3F - -0.002
( 0.215 )

- -

C1H 0.901
( 0.023 )

0.005
( 0.185 )

- -

C2H 0.911
( 0.049 )

0.008
( 0.391 )

- -

C1F 0.903
( 0.018 )

-0.001
( 0.153 )

- -

C2F 0.933
( 0.023 )

0.001
( 0.258 )

- -

C3F 0.930
( 0.017 )

-0.001
( 0.220 )

- -

D4F 0.487
( 0.268 )

- 0.004
( 0.161 )

-0.005
( 0.158 )

E5F - - -0.001
( 0.108 )

-

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a given heuristic

for forecasting output gap and the resulting output gap values. The standard deviations are provided in brackets.

Note, that for combinations in which the agents can switch only between two heuristics, the results are presented

only for one of them as the correlation for the second one is the same, only with the opposite sign.
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Table 5.9: Correlation between Output Gap Forecasters and Simulated

Inflation Gap in Euro Area

Model *
Fraction of

Optimists (std)

Fraction of

Unbiased (std)

Fraction of

Fundamentalists

(std)

Fraction of

Chartists (std)

A1H 0.040
( 0.169 )

- - -

A2H -0.249
( 0.236 )

- - -

A1F 0.195
( 0.176 )

- - -

A2F 0.022
( 0.225 )

- - -

A3F 0.504
( 0.143 )

- - -

B1H - -0.003
( 0.139 )

- -

B2H - -0.004
( 0.263 )

- -

B1F - -0.002
( 0.133 )

- -

B2F - 0.000
( 0.182 )

- -

B3F - -0.001
( 0.099 )

- -

C1H -0.001
( 0.155 )

-0.002
( 0.115 )

- -

C2H -0.374
( 0.202 )

-0.004
( 0.282 )

- -

C1F 0.158
( 0.152 )

-0.004
( 0.104 )

- -

C2F -0.166
( 0.166 )

-0.004
( 0.163 )

- -

C3F 0.265
( 0.097 )

-0.002
( 0.110 )

- -

D4F 0.189
( 0.161 )

- 0.000
( 0.164 )

-0.006
( 0.133 )

E5F - - -0.003
( 0.099 )

-

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a given heuristic

for forecasting output gap and the resulting inflation gap values. The standard deviations are provided in brackets.

Note, that for combinations in which the agents can switch only between two heuristics, the results are presented

only for one of them as the correlation for the second one is the same, only with the opposite sign.
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Table 5.10: Correlation between Inflation Gap Forecasters and Simulated

Inflation and Output Gap in Euro Area

Model *

Correlation of

Fraction of

Targeters with

Inflation Gap (std)

Correlation of

Fraction of

Targeters with

Output Gap (std)

A1H -0.012
( 0.459 )

0.003
( 0.137 )

A2H -0.001
( 0.546 )

-0.007
( 0.290 )

A1F -0.020
( 0.533 )

-0.002
( 0.145 )

A2F -0.002
( 0.481 )

0.001
( 0.192 )

A3F 0.008
( 0.441 )

0.000
( 0.155 )

B1H -0.024
( 0.473 )

0.000
( 0.124 )

B2H -0.008
( 0.495 )

-0.003
( 0.271 )

B1F -0.037
( 0.514 )

-0.005
( 0.131 )

B2F -0.008
( 0.443 )

0.001
( 0.195 )

B3F -0.011
( 0.250 )

0.000
( 0.096 )

C1H -0.023
( 0.511 )

-0.003
( 0.133 )

C2H -0.003
( 0.548 )

-0.003
( 0.309 )

C1F -0.021
( 0.514 )

-0.008
( 0.128 )

C2F -0.014
( 0.454 )

0.003
( 0.197 )

C3F -0.013
( 0.282 )

-0.003
( 0.104 )

D4F -0.004
( 0.288 )

0.000
( 0.122 )

E5F -0.013
( 0.319 )

-0.003
( 0.108 )

Source: Author’s results

* List of model specifications and assigned labels can be found in Appendix B.

The table shows the computed average correlation coefficients between the fractions of agents using a targeting

heuristic for forecasting inflation gap and the resulting inflation and output gap values. The standard deviations

are provided in brackets. Note, that because the agents can choose only between two heuristics, the results are

presented only for targeters as the correlation for the second one is the same, only with the opposite sign.
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Conclusion

The main purpose of this thesis is to assess the current state of research regarding

Behavioral NK DSGE models introduced by De Grauwe (2011) and examine how ac-

curately they replicate the macroeconomic stylized facts and the real world data. In

particular, various sets of heuristics for forecasting output gap and sets of estimated

or calibrated parameters are collected from the literature. All identified combina-

tions of specifications are simulated and compared with the macroeconomic stylized

facts and real world data from the US and Euro area based on their distributional

characteristics and autocorrelation structure. Moreover, correlations between the

fraction of agents using a given heuristic and both the resulting simulated output

and inflation gaps are computed in order to investigate if the changing fractions

represent the endogenous sources of business cycles, i.e. the booms and busts in the

economy. Superior as well as inferior specifications are identified and their charac-

teristics are described. To author’s best knowledge this thesis represents the first

comparison of various specifications of the Behavioral NK DSGE model.

When examining the empirical data prior the main analysis, it is found that

the actual output gap series do not match the reported stylized facts about output

growth for both the US and Euro area. The author of this thesis identifies the reason

for such inconsistency in different detrending techniques used for computing output

growth and output gap. According to Fagiolo (2009) the detrending technique used

for deriving output gap washes away high-frequency fluctuations that are responsible

for fat-tailed distribution which is typical for output growth series. Hence, the

75
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distributional properties of the simulated gap series are mainly compared with the

actual US and Euro area data. Since the probability distribution function of the

US output gap series exhibit higher values of variance and kurtosis compared to the

distribution function of the output gap series from Euro area, different distributional

characteristics of the simulated output gap data are required for the US and Euro

area when matching the simulated series with the one of the empirical sample. The

possible reason for such difference between the US and Euro area data can be related

to the different nature of the two datasets. The dataset from the US comes from

one particular country with unified historical circumstances, currency and history of

monetary policy. To the contrary, the dataset from Euro area is artificially created by

aggregating and re-scaling the data from various Euro countries with various history,

currency and monetary policy over the observed period. According to Fagan et al.

(2001), the aggregation comes at cost with problems such as aggregation bias and

possible lack of variability.

It is shown that the simulated data exhibit a range of various distributional and

autocorrelation features depending on the sets of heuristics, parameters and model

structures applied. The US data seem to be matched the best by specifications

with unbiased and extrapolative heuristics since they exhibit higher values of vari-

ance and kurtosis. However, a high value of standard deviation of the measures is

present across the 1,000 simulated series indicating a high value of instability. On

the other hand, Euro area data are better matched by specifications with optimistic,

pessimistic and unbiased heuristics exhibiting lower values of variance and kurtosis

and lower levels of standard deviations of the measures across the number of simu-

lated series. In addition, forward-looking structures are identified to be linked with

lower variances of the series which can be associated with less transmission channels

of random shocks in forward-looking structures. Specific parameters responsible for

various features of the simulated data, such as variance levels and autocorrelation

structures, are also determined.

Regarding the autocorrelation structure of output and inflation gap series, as

opposed to the actual data, most of the simulated combinations of the model spec-

ifications tend to mirror the stylized facts. In particular, significant positive au-
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tocorrelation over shorter horizons and insignificant negative autocorrelation over

longer horizons is present in the simulated output gap series generated by most of

the combinations of specifications. In addition, significant positive autocorrelation

over long periods is present in the inflation gap series simulated by most of the

specifications. Next, the forward-looking specifications produce output and infla-

tion gap series with significant positive autocorrelation over shorter horizons than

hybrid ones. Nonetheless, the autocorrelation is still substantially high even for the

forward-looking specifications. Thus, the endogenous transmission process gener-

ated through the performance measurement system is confirmed to be effective.

Finally, when correlations between fractions of agents using various heuristics

and both the resulting simulated output and inflation gap series are examined, it is

found that the level of correlation is dependent mainly on the way the expectations of

individual types of agents are formed. However, the only heuristics exhibiting clear

positive or negative correlation with values of simulated output and inflation gaps are

optimistic and pessimistic ones, no matter of parameter set or time-looking structure

used. Different sets of parameters and specifications of model structures seem to

have a minor influence when investigating the correlation between output gap and

heuristics for forecasting its future value. The correlation coefficients indicate bigger

influence of the parameters choice when examining the relation of the value of output

gap with inflation gap heuristics and the value of inflation gap with output gap

heuristics. However, the impact is still rather small. To sum up, only optimistic

and pessimistic heuristics seem to be connected with the course of the business

cycles.

So far in the literature, more attention has been paid on the definition of heuris-

tics for forecasting output gap. The possible direction of the future research is to

define other heuristics for forecasting inflation gap. Defining better suited set of

inflation gap heuristics could increase the capability of the model to fit both the

stylized facts and real world data. A model structure in its baseline form where the

only source of persistence are behavioral features should be also examined. More-

over, an estimation of the model using the superior specifications identified in this

thesis is one of the steps that should follow this research.
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Appendix A

Transformation of the Model Form

of De Grauwe (2011) to the one of

Jang and Sacht (2016)

De Grauwe (2011) defines the Behavioral NK model in the following form:

ŷt = a1Ẽtŷt+1 + (1 − a1)ŷt−1 − a2(r̂t − Ẽtπ̂t+1) + ϵŷ,t (A.1)

π̂t = b1Ẽtπ̂t+1 + (1 − b1)π̂t−1 + b2ŷt + ϵπ̂,t (A.2)

r̂t = c3r̂t−1 + c1π̂t + c2ŷt + ϵr̂,t (A.3)

where 0 ≤ a1 ≤ 1, a2 < 0, 0 ≤ b1 ≤ 1, b2 > 0, c1 > 0, c2 > 0, 0 ≤ c3 ≤ 1.

On the other hand, Jang and Sacht (2016) define the Behavioral NK model in

the following form:

ŷt = 1
1 + χ

Ẽtŷt+1 + χ

1 + χ
ŷt−1 − τ(r̂t − Ẽtπ̂t+1) + ϵŷ,t (A.4)

π̂t = ν

1 + αν
Ẽtπ̂t+1 + α

1 + αν
π̂t−1 + κŷt + ϵπ̂,t (A.5)

r̂t = ϕr̂r̂t−1 + (1 − ϕr̂)(ϕπ̂π̂t + ϕŷŷt) + ϵr̂,t (A.6)

where 0 ≥ χ ≥ 1, τ ≥ 0, 0 ≥ ν ≥ 1, 0 ≥ α ≥ 1, κ ≥ 0, 0 ≥ ϕr̂ ≥ 1, ϕπ̂ ≥ 0, ϕŷ ≥ 0.

In order to compute the appropriate value of parameters from the setting of De

Grauwe (2011) to the setting of Jang and Sacht (2016), series of calculations needs

to be performed. Setting ν = 0.99 for both cases, the parameters are computed as
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follows:

b1 = ν

1 + αν
= 0.99

1 + 0.99α = 0.5 (A.7)

α = 0.990 (A.8)

b2 = κ = 0.05 (A.9)

c1 = ϕπ̂ = 1.5 (A.10)

c2 = ϕŷ = 0.5 (A.11)

c3 = ϕr̂ = 0.5 (A.12)

a1 = 1
1 + χ

= 0.5 (A.13)

χ = 1 (A.14)

a2 = −τ = −0.2 (A.15)

τ = 0.2 (A.16)

The standard deviations of shocks in output gap, inflation gap and interest rate gap

do not require any transformation.



Appendix B

List of All Used Specifications and

their Labels

Table B.1: List of All Used Specifications

Heuristics Parameters Hybrid/Forward Label

OP;PE Jang&Sacht 2016 Hybrid A1H

OP;PE De Grauwe Hybrid A2H

OP;PE Jang&Sacht 2016 Forward A1F

OP;PE De Grauwe Forward A2F

OP;PE Jang&Sacht 2017—B Forward A3F

UN;EXT Jang&Sacht 2016 Hybrid B1H

UN;EXT De Grauwe Hybrid B2H

UN;EXT Jang&Sacht 2016 Forward B1F

UN;EXT De Grauwe Forward B2F

UN;EXT Jang&Sacht 2017—B Forward B3F

OP;PE;UN Jang&Sacht 2016 Hybrid C1H

OP;PE;UN De Grauwe Hybrid C2H

OP;PE;UN Jang&Sacht 2016 Forward C1F

OP;PE;UN De Grauwe Forward C2F

OP;PE;UN Jang&Sacht 2017—B Forward C3F

OP;PE;FUN;CH Jang&Sacht 2017—A Forward D4F

FUN;CH Jang&Sacht 2017—C Forward E5F

Source: Author’s results

This table lists all combinations of specifications of the Behavioral NK model used in this thesis and their assigned

labels. The abbreviations for output gap heuristics are assigned as follows: OP—optimists, PE—pessimists, UN—

unbiased, EXT—extrapolators, FUN—fundamentalists, CH—chartists.
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List of All Used Parameters

Table C.1: List of All Used Parameters: US

Parameter J&S 2016 De Grauwe J&S 2017—A J&S 2017—B J&S 2017—C

α 0.973 0.990 0.000 0.000 0.000

κ 0.175 0.050 0.216 0.205 0.185

σπ̂ 0.498 0.500 0.261 0.253 0.206

χ 0.451 1.000 0.000 0.000 0.000

τ 0.322 0.200 0.369 0.128 0.184

σŷ 0.793 0.500 0.556 0.287 0.408

ϕπ̂ 1.145 1.500 1.918 2.051 2.274

ϕŷ 0.674 0.500 0.417 0.363 0.589

ϕr̂ 0.677 0.500 0.719 0.719 0.781

σr̂ 0.256 0.500 0.314 0.358 0.221

β 2.269 0.000 2.253 3.220 0.000

δ 0.488 0.000 0.577 0.635 0.000

γ 1.000 1.000 1.000 1.000 1.000

ν 0.990 0.990 0.990 0.990 0.990

ψŷ - - 0.000 0.737 0.897

ξŷ - - 0.000 1.373 0.758

Source: De Grauwe (2011), De Grauwe (2012), Jang and Sacht (2016), Jang and Sacht (2017)

This table lists all parameter sets examined in this thesis with respect to the US area and assigns them to the

respective paper from which they are collected. Note, that J&S stands for Jang and Sacht and the column with

parameter set from De Grauwe refers to both De Grauwe (2011) and De Grauwe (2012).
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Table C.2: List of All Used Parameters: Euro area

Parameter J&S 2016 De Grauwe J&S 2017—A J&S 2017—B J&S 2017—C

α 0.973 0.990 0.000 0.000 0.000

κ 0.175 0.050 0.225 0.159 0.152

σπ̂ 0.498 0.500 0.326 0.354 0.360

χ 0.451 1.000 0.000 0.000 0.000

τ 0.322 0.200 0.321 0.154 0.144

σŷ 0.793 0.500 0.471 0.370 0.413

ϕπ̂ 1.145 1.500 1.571 1.612 1.593

ϕŷ 0.674 0.500 0.336 0.309 0.325

ϕr̂ 0.677 0.500 0.381 0.420 0.426

σr̂ 0.256 0.500 0.288 0.429 0.444

β 2.269 0.000 2.162 1.861 0.000

δ 0.488 0.000 0.591 1.709 0.000

γ 1.000 1.000 1.000 1.000 1.000

ν 0.990 0.990 0.990 0.990 0.990

ψŷ - - - 0.570 0.762

ξŷ - - - 1.500 1.010

Source: De Grauwe (2011), De Grauwe (2012), Jang and Sacht (2016), Jang and Sacht (2017)

This table lists all parameter sets examined in this thesis with respect to the Euro area and assigns them to the

respective paper from which they are collected. Note, that J&S stands for Jang and Sacht and the column with

parameter set from De Grauwe refers to both De Grauwe (2011) and De Grauwe (2012).
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Additional Figures and Tables

88



Appendix D 89

Figure D.1: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on the US Data: Heuristics A
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which optimists or pessimists are considered. The upper and lower horizontal lines in each graph represent the

approximate 95% confidence bounds.
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Figure D.2: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on the US Data: Heuristics B
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which unbiased or extrapolators are considered. The upper and lower horizontal lines in each graph represent the

approximate 95% confidence bounds.
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Figure D.3: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on the US Data: Heuristics C
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which optimists, pessimists or unbiased are considered. The upper and lower horizontal lines in each graph represent

the approximate 95% confidence bounds.
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Figure D.4: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on the US Data: Heuristics D and E
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the groups of output gap heuristics

in which optimists, pessimists, fundamentalists or chartists (D4F) and fundamentalists or chartists (E5F) are

considered. The upper and lower horizontal lines in each graph represent the approximate 95% confidence bounds.
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Figure D.5: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on Euro Area Data: Heuristics A
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which optimists or pessimists are considered. The upper and lower horizontal lines in each graph represent the

approximate 95% confidence bounds.
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Figure D.6: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on Euro Area Data: Heuristics B
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which unbiased or extrapolators are considered. The upper and lower horizontal lines in each graph represent the

approximate 95% confidence bounds.
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Figure D.7: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on Euro Area Data: Heuristics C
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the group of output gap heuristics in

which optimists, pessimists or unbiased are considered. The upper and lower horizontal lines in each graph represent

the approximate 95% confidence bounds.
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Figure D.8: Autocorrelation Functions of Simulated Output and Inflation Gap Based

on Euro Area Data: Heuristics D and E
This figure depicts the average autocorrelation functions of simulated output gap (left pane) and simulated inflation

gap (right pane) based on the various combinations of specifications within the groups of output gap heuristics

in which optimists, pessimists, fundamentalists or chartists (D4F) and fundamentalists or chartists (E5F) are

considered. The upper and lower horizontal lines in each graph represent the approximate 95% confidence bounds.


	Contents
	List of Figures
	List of Tables
	Acronyms
	Thesis Proposal
	Introduction
	Literature Review: Development of Behavioral Modeling Paradigm
	Cognitive Limitations and Expectations
	Adaptive Learning
	Heterogeneous Expectations
	Adaptively Rational Equilibrium

	Experimental Macroeconomics
	Laboratory Experiments in Macroeconomics
	Examples of Macroeconomic Experiments

	Heuristic Switching Model

	Behavioral NK Model
	Behavioral Model
	Various Specifications of the Behavioral Model
	Forward-looking and Hybrid Model Structures
	Heuristics for Forecasting Future Value of Output Gap


	Methodology
	Stylized Empirical Facts about Output and Inflation Dynamics
	Specifics of the Analysis
	Combinations of the Model Specifications
	Common Setting for All Simulated Combinations
	Specifics of the Comparison

	Data
	US Data
	Euro Area Data


	Analysis of the Behavioral NK Model
	Analysis of the US Data
	Distributional Properties of Sample Output Gap
	Autocorrelation of Sample Output and Inflation Gap

	Match with the US Data
	Distributional Properties of Simulated Output Gap
	Autocorrelation of Simulated Output and Inflation Gap
	Superior Combinations

	Analysis of Euro Area Data
	Distributional Properties of Sample Output Gap
	Autocorrelation of Sample Output and Inflation Gap

	Match with the Euro Area Data
	Distributional Properties of Simulated Output Gap
	Autocorrelation of Simulated Output and Inflation Gap
	Superior Combinations

	The Endogenous Sources of Business Cycles 
	Fractions of Agents and Output and Inflation Gap Simulated Based on the US Data
	Fractions of Agents and Output and Inflation Gap Simulated Based on the Euro Area Data


	Conclusion
	Bibliography
	Appendices
	Transformation of the Model Form of De Grauwe (2011) to the one of Jang and Sacht (2016)
	List of All Used Specifications and their Labels
	List of All Used Parameters
	Additional Figures and Tables

