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HETEROGENEOUS FORECASTING RULES IN THE FOREIGN EXCHANGE MARKET
Evidence from survey data
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ABSTRACT

This paper investigates heterogeneity between traders on the foreign exchange markets with survey expectations data. In doing so, it combines insights from the heterogeneous agents literature with survey data. Different forms of three models are tested on the data: extrapolative models, regressive models and models based on the interest differential between countries. A model that combines the strategies shows that those strategies are indeed used by institutional investors. Besides heterogeneity between the strategies, we find that there is also significant heterogeneity within the extrapolative and interest trading strategies. An extension of the model that allows agents to assign time-varying weights to the different strategies shows that agents switch between strategies based on the forecasting accuracy of the models compared to the market exchange rate.
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CHAPTER 1 Introduction
If you keep track of financial news, you can read, see or hear every day that foreign exchange markets are largely driven by sentiment
. Professional FOREX traders are already aware of this and try to incorporate this information in their models where they can. On the other hand, a large part of economic finance theory still assumes investor rationality, also when it comes down to exchange rates. There is a large body of literature that still tests fundamental exchange rate models and tries to find an explanation why these models do not seem to work empirically (among others: Cheung et al. (2003); Kim & Lima (2010); McCallum (1994); Meese & Rogoff (1983)). Most of those studies find that the theoretical models perform poorly, especially when tested out-of-sample. Different explanations for this failure can be found in the literature, ranging from using more sophisticated models to using other price indices to introducing (time-varying) risk premia. However, these factors still do not seem to fully explain the volume, movements and large volatility in the foreign exchange market that we especially observe for short horizons and high frequency data. Since it appears not to be possible to find a solution within the framework of rational expectations, also the rationality of agents is put into question nowadays on an increasing scale.


One of the main problems of the traditional studies evaluating investor rationality was that these studies were using forward rates as an instrument for expected spot rates (MacDonald (2000)). With this approach, it is impossible to distinguish between investor rationality and the appropriateness of the model. This joint hypothesis problem was overcome in the late eighties, when companies started to gather investor expectations through surveys, therefore making it possible for economists to directly measure the expectations of investors. Several studies have tested for investor rationality, most of them using mean or median expectations from survey data (Dominguez (1986); Ito (1990); Cavaglia et al. (1993); MacDonald & Marsh (1996); Frenkel (2009) and rejected the hypothesis of rational agents. 


There were two main responses to the (incorrect) assumptions of rationality and the ‘ homo economicus’, that became part of a branch of finance known as ‘behavioral finance’. One response came from the field of psychology, and was mainly driven by Daniel Kahneman and Amos Tversky. Through experiments they showed that people are subject to severe biases, which makes them unable to act in a rational way when making decisions. Important biases with relevance for finance are loss aversion, representativeness, anchoring, conservatism (Edwards (1968)), overconfidence (Fischhoff et al. (1977)) and status quo bias (Samuelson & Zeckhauser (1988)). 


The other response, which was more focused on bounded rationality (introduced by Simon (1957)), evolved within the field of economics, and was mainly driven by Frankel & Froot (1987b), Brock & Hommes (1997, 1998), Lux (1998) and De Grauwe & Grimaldi (2006). This branch of behavioral finance assumes that agents are at least boundedly rational, and that they use certain rules of thumb in order to form expectations about future asset prices. The assumption of homogeneity of expectations is dropped. Although different names are being used in the literature for different forecasting strategies
, they roughly come down to two or three types of agents. The first type of agent uses past price movements to predict future returns. The strategy this agent uses is referred to as (trend) extrapolation, technical analysis, bandwagon (for positive trend extrapolation), contrarian (for negative trend extrapolation) or chartism. The second type of agent bases his expectations on the deviation of the asset price from its fundamental value. This agent is said to be mean reverting, regressive or fundamentalist. Third or fourth types differ among studies and markets. Heterogeneous Agent Models usually use the distinction between chartists and fundamentalists, where often agents can switch between strategies.


In this paper, we will combine the heterogeneous agents theory with the survey data to verify whether expectations are indeed formed by using these basic rules of thumb. We will distinguish chartists (extrapolation), fundamentalists (reversion) and interest traders (who follow either a carry trade or uncovered interest parity (UIP) strategy). First, these strategies are each separately tested on the panel of survey expectations, to see whether we can find significant evidence for the use of these strategies. Then, the strategies are combined in one model to see whether they still persist when regressed next to other strategies. Finally, we will allow agents to put time-varying weights on the different strategies to see whether they switch between strategies over time. 

We will take the study of different types of agents further in two ways. First of all, we will add more flexibility in the strategies by distinguishing between bandwagon and contrarian expectations in the chartist strategies and by distinguishing between carry trade and UIP expectations. Although in general it is acknowledged that the existence of such opposing beliefs could be covered upon aggregated level because they even out, the distinction has to our best knowledge never been made before when working with empirical data. Secondly, we will make the model more dynamic by allowing the agents to switch between different strategies based on forecasting accuracy. These two additions, combined with the unique survey dataset, which allows us to evaluate different currencies as well as different forecast horizons and has never been used before for this purpose, make this paper a valuable extension to the existing literature on heterogeneous agents and survey data.

We find evidence for the existence of all three strategies, both when tested separately and when tested in the combined model, indicating that agents use these different strategies in order to form expectations about future returns. Also, we find that there are indeed opposing beliefs within the groups of chartists and interest traders. Carry trade and chartism are the main applied strategies for short term forecasting, where fundamentalism and UIP are predominantly used for long term forecasting. Moreover, the results show that agents attach time-varying weights to the different strategies based on the past performance of the strategies. 

The remainder of this study is organized as follows. An overview of the relevant literature can be found in Chapter 2. In Chapter 3, we describe the dataset and perform some preliminary tests. Chapter 4 contains the methodology used, and Chapter 5 contains the results. In Chapter 6, we give some concluding remarks and suggestions for further research.  

CHAPTER 2 Literature Review
2.1 Efficient markets
For decades, economists have based their theories on assumptions of rationality of agents and efficient markets. In ‘Rational Expectations and the Theory of Price Movements’, Muth (1961) stated that “[expectations] are essentially the same as the predictions of the relevant economic theory”. Fama (1965) further developed these implied assumptions from the ‘Efficient Markets Hypothesis’ (EMH) in his famous work “Random Walks in Stock Market Prices”, and they have been important building blocks for traditional finance theory ever since. Fama argued that financial markets are efficient because of rational behavior and -expectations of agents. 

The assumption of rational agents implies that agents incorporate all available information in their decision-making process and that they are able to do this in an efficient way because they have full knowledge about the economic models underlying financial markets. This means that all agents should have the same expectations and that all prices of (financial) products should reflect their fundamental values. It is acknowledged that some agents might not be rational and that therefore mispricing may occur. However, the theory states that overreaction of some agents will be compensated by underreaction of other agents. On top of that, according to Friedman (1953), possible mispricing caused by so-called noise traders will soon vanish through the actions of rational agents. He argues that in such a way, speculators keep foreign exchange markets stable and efficient in case of a flexible exchange rate system. In his own words “if speculation were persistently destabilizing, a government body like the Exchange Equalization Fund in England in the 1930’s could make a good deal of money by speculating in exchange and in the process almost certainly eliminate the destabilizing speculation”. 

The concept of arbitrage, as described by Friedman’s quote, is one of the main fundaments of the EMH. It entails that rational agents will observe mispricing and take actions upon it. For example, in case the fundamental euro-dollar rate is $1.30 while the market price is $1.36, rational traders would make a profit by shorting euro’s and taking a long position in dollars. In such a way the price of euro’s will quickly decrease until it reaches its fundamental value. Therefore, noise traders do not have a significant effect on prices, and it is impossible to consistently beat the market. In other words ‘there’s no such thing as a free lunch’. 

The efficient market hypothesis has been target of criticism since its publication. An important reason is that the theory has some internal contradictions. If agents are rational and thus have the same expectations, there would be no trade in financial securities at all. With transaction costs taken into account and prices being perfect reflections of all (available) information no agent would either want to sell or buy its assets, since no extra returns can be made with that transaction. Milgrom and Stokey (1982) show that even when some agents have private information, this ‘no trade-theorem’ applies. The fact that trade does take place is one of the observations that weaken the EMH.
2.2 Anomalies and limits of the Efficient Markets Hypothesis
Excessive trade (Milgrom and Stokey (1982)) is one of the anomalies that have caused a decline in the popularity of the Efficient Market Hypothesis. Others are for example momentum effect (Jegadeesh (1990); on the short term recent losers tend to underperform the market, recent winners tend to outperform the market), post earnings announcement drift (Ball and Brown (1968); prices do not adjust to information immediately but adjust slowly, causing a positive drift after positive news and a negative drift after disappointing news), long term reversal (De Bondt and Thaler (1985); extreme past losers tend to outperform the market, past winners tend to underperform the market), size effect (Black et al. (1972); small firm stocks outperform stocks from large companies) and exchange rate puzzles (e.g. reversed evidence on purchasing power parity or the profitability of carry trade). Cutler et al. (1991) find that returns in all financial markets have some level of predictability due to four biases: returns are positively auto-correlated at short term; returns are negatively auto-correlated over long horizons; price movements can be partly predicted using the deviations of the asset values from their fundamentals; and short term interest rates are negatively correlated with excess returns on other assets. Although attempts have been made to solve these anomalies and puzzles within traditional finance theory
, these explanations were not convincing enough to believe that such anomalies can occur in efficient markets. 

The most persisting exchange rate puzzles are probably the forward premium puzzle, the purchasing power parity puzzle and the exchange rate disconnect puzzle. The forward premium puzzle reveals a negative relation between the forward premium and the actual change in spot rate, where we would expect a positive relation close to unity (Fama, 1984). The purchasing power parity puzzle entails that the exchange rate is far from the value suggested by the purchasing power parity (PPP) relation and that it takes 3 to 5 years before this deviation is reduced by half (Rogoff, 1996). The exchange rate disconnect puzzle takes a more broader view in showing that the exchange rate is mostly disconnected from its fundamentals, both in returns and in higher orders (e.g. excess volatility). Sarno (2005) reviews these puzzles and their possible solutions. Most of the cited authors try to solve the puzzles within the rational expectations context. They try to tackle the puzzles introducing (time-varying) risk premia, various sophisticated econometric methods, different price indices, equation dynamics or non-linearity in the relations. However, all these suggestions within the framework of rationality do not seem to be able to fully explain why these puzzles are so persistent.

Besides the well-known anomalies, Barberis and Thaler (2003) provide some more evidence on the statement that prices are not always right. They discuss mispricing in twin-shares (based on the Royal Dutch – Shell Transport case, where the price ratio largely deviated from the equilibrium value), for stocks that get included in an important index (e.g. Yahoo stocks which rose 24% after being included in the S&P 500) and for internet carve-outs (where they use the example of the heavily underpriced 3Com). Since these cases of persistent mispricing show that seemingly riskless profit opportunities were not exploited by sophisticated investors they illustrate the frugalities of the Efficient Market Hypothesis.


One explanation for the persistence of mispricing that can be found in the literature is that there are serious limits to arbitrage. Among others, DeLong et al. (1990a,b) explain why arbitrage opportunities cannot always be fully exploited. They argue that the existence of noise traders in the market brings along a significant amount of uncertainty that affects the riskiness of arbitrage. After all, if the effect of noise traders was strong enough to create the mispricing, these traders could as well increase the gap even further. Therefore noise traders can heavily destabilize the market. According to the EMH, mispricing cannot persist because it creates the possibility of a riskless return that would immediately be exploited. However, if the profit opportunity is not riskless because of the unpredictable behavior of noise traders, the mispricing can persist. Barberis and Thaler (2003) illustrate this by pointing out that there is no free lunch if the prices are right, but that this logic does not imply when reversed (i.e. the fact that there is no free lunch does not imply that prices are right). This limit to arbitrage is usually labelled ‘noise trader risk’. 


Another limitation to arbitrage, described by Barberis and Thaler (2003) is fundamental risk. An arbitrage opportunity can be very risky if there is no perfect substitute security for the mispriced asset. An imperfect substitute asset is subject to idiosyncratic factors, which makes the opposite position in this security an extra risk factor. On top of that, the substitute security might be mispriced as well, which adds even more risk.


Besides the fact that arbitrage opportunities are not riskless, they are costly. The EMH leaves out both transaction and information costs. Acquiring information about mispricing is costly, but also exploiting arbitrage possibilities brings along significant costs like commissions and costs for borrowing stocks to be able to obtain a short position in specific securities. On top of that, regulators have imposed severe legal restrictions on investment constructions that involve short selling.


Still, limits to arbitrage are no explanation of the exchange rate puzzles, the inefficiency of markets and the inherent mispricing. After all, it does not explain how mispricing can occur in the first place. In the field of behavioral finance, the behavior of investors is evaluated and modelled using theories and experiment results from psychology and sociology. In such a way, economists get some insight in the non-rational beliefs and preferences of investors which may help to understand the anomalies we observe in financial markets.

2.3 Behavioral biases from the field of psychology
Psychologists Tversky and Kahneman shocked economists in 1974 with their unconventional ideas on the (ir)rationality of people. By conducting experiments, they showed that the ‘homo economicus’ does not exist and that biases from this perfectly rational being are actually very significant. In ‘Judgment under uncertainty: heuristics & biases’ they mainly focus on three behavioral biases: representativeness bias, availability bias and anchoring. Others found evidence for overconfidence (Fischhoff et al., 1977), unrealistic optimism (Weinstein, 1980), conservatism (Edwards, 1968) and belief perseverance (Lord et al., 1979). In 1979, Kahneman and Tversky form a theory about decision making under risk. They present an alternative to the ‘expected utility framework’ that was extensively used before. Their main points from their ‘prospect theory’ are that people define utility over gains and losses, and that they respond in a different way to both. This subchapter will focus on these biases and theories, and explain the possible consequences for financial theory.


Tversky and Kahneman (1974) show that people are subject to something they call representativeness bias. It occurs when people have to determine the probability that an object A belongs to a class B. In financial markets this could happen when, for example, people have to determine the probability that a series of returns (B) generates some price or return (A). Instead of looking at base rates (for example, the size of class B or the percentage of class B that is of object A), people tend to look for similarities and representativeness in the objects or classes. The bigger is the representativeness, the bigger is their confidence in their ability to predict. Besides that, people are insensitive to sample size. While the probability of exceeding a certain average is much higher for small samples, the conducted experiments showed that people assign the same probabilities for small and large samples. This is related to their misconception of chance, which means that people expect the characteristics of a sequence not only to be shown globally, but also to be represented locally. 


The availability bias entails that people base their beliefs on the ease of which the occurrence of an event comes to mind. Although a useful tool for the brain in some cases, it can be seen as a bias since next to frequency and probability there are other factors that affect the ease of something coming to mind. A factor can for example be familiarity or salience, which makes an instance much easier to retrieve. If, for example, your neighbor got pick pocketed last week, the probability you assign to getting robbed while walking in the street increases. The effectiveness of a search set can be influenced by the ease of getting at a certain sample set. Tversky and Kahneman (1974) illustrate this with their experiment that showed people find it easier to think of words that start with an r than of words that have an r as its third letter. Since investors are subject to human biases as every other human being, we can expect they suffer from availability bias as well. If financial markets have overall been bullish since an investor started to enter the market, he might find it hard to imagine what a bear market is like. 


The third bias Tversky and Kahneman (1974) show is anchoring. It entails that different starting values yield different estimates. They observe that adjustment of starting values is often insufficient, even if these starting values are completely random. Also, when people are asked to give a subjective probability distribution, they anchor too much to their mean or point estimate, i.e. their confidence intervals are too narrow. A consequence for financial markets can be that people anchor too much to their expected return on an asset, and therefore are not aware of the actual confidence interval belonging to this estimate. This can result in taking too much risk for their personal risk appetite.


Fischhoff et al. (1977) show by means of different experiment results that people tend to overestimate their degree of certainty when answering different questions. They are overconfident in their ability to answer these questions. In several experiments, respondents are being asked to give an answer to a question (in different formats) and to indicate how certain they are that this answer is correct. From the experiments it turns out that people are consistently overconfident in their answers (e.g. for questions they indicate a 90% certainty, they are only right in 75% of the cases). The narrow confidence intervals that Tversky and Kahneman (1974) found can also be seen as evidence for overconfidence. Alpert and Raiffa (1982) confirm this finding. In financial markets, overconfidence especially occurs in overweighing private information. 


Weinstein (1980) finds something that is partly related to the overconfidence results from Fischhoff et al (1977). On the basis of experiments with college students about future life events, Weinstein shows that people are overly optimistic about their prospects and abilities. He states that people are “unrealistically optimistic because they focus on factors that improve their own chances of achieving desirable outcomes and fail to realize that others may have just as many factors in their favor”.


Before Tversky and Kahneman (1974) reported about representativeness, Edwards (1968) found evidence for a seemingly opposing phenomenon that he called conservatism. Instead of underweighing base rates when there are many similarities between a model and an outcome, people overweigh base rates, and thus underweigh recent empirical evidence, in case the data is not representative for the model. In financial market this could lead to underreaction of prices to news shocks (Barberis et al. (1998)). 

In 1979, Lord et al. provided evidence for the already existing idea that people tend to accept confirming evidence on what they already believed, and be more critical towards evidence that opposes their beliefs. In the behavioral finance literature this is called belief perseverance, or confirmation bias. When investors suffer from this bias, they do not respond enough to indicators in the market that oppose their expectations. Next to that, they are actively looking for confirming evidence, while they neglect to look for evidence that could disconfirm their expectations. It also means that people do not show as much learning behavior as traditional economists claim. A related bias, described by Samuelson and Zeckhauser (1988) is the status quo bias. It entails that people are biased towards staying in the current situation, therefore needing stronger incentives to change their position. Real life examples are neglecting to change health insurance or energy provider, being reluctant to change an opinion, or hesitating to buy or sell an asset.


Five years after the publication of Tversky and Kahneman’s ‘Judgment under uncertainty’ they made another important contribution to the behavioral finance literature with their ‘prospect theory’. This theory serves as an alternative to the expected utility theory that was (and still is in some areas) widely used in economic analysis. In experiments where they asked people to express their preferences for one out of two choices they found severe violations of the expected utility theory. Besides the finding that people have a preference for certain outcomes, it is shown that this changes for losses. Kahneman and Tversky therefore proposed the theory that people are risk averse over gains and risk seeking over losses. This is illustrated by the following questions that subjects were being asked to answer:

· In addition to whatever you own, you have been given 1,000. You are now asked to choose between: 
A: (1,000,.50), and B: (500)

· In addition to whatever you own, you have been given 2,000. You are now asked to choose between: 
C: (-1,000,.50), and D: (-500).

While all these answers yield the exact same result according to expected utility theory, 84% of the respondents chose B and 69% chose C. So, besides the fact that the final wealth level is not of great importance, this shows that people are risk averse over gains (‘certainty effect’) and risk seeking over losses. Other effects they observe are framing (the decisions people make depend on how the problem is presented), loss aversion (people have greater sensitivity to losses than to gains) and isolation effects (stages or components of problems are evaluated in isolation of each other instead of as a whole). 


The final behavioral concept that will be discussed here is ambiguity aversion, also known as the Ellsberg paradox. Although it has been found in earlier literature, Ellsberg (1961) popularized the concept that people dislike situations where they are not certain of the probability distribution. This is quite relevant for financial markets, as investors are generally not certain of the probability distribution of asset returns, which might explain why they demand a high risk premium. According to Heath and Tversky (1991) the effect of ambiguity aversion increases for cases where people feel incompetent or unfamiliar with the topic and the opposite might occur if people are extremely familiar with the topic.

2.4 Survey evidence
Although these contributions from the field of psychology are a great insight in the actual behavior of people and clearly show that agents do not behave in a rational way, they have generated quite some skepticism. After all, most economists already knew from the start that not all investors behave fully rational
, but they saw it as a necessary assumption to be able to include investor behavior in their sophisticated economic models. They argued that behavioral economics and behavioral finance were impractical bifurcations of economics, since it was impossible to model the complex behavior of human beings. On top of that, the results from psychology were mainly generated by laboratory experiments which did not always replicate the real world in a very accurate way. These difficulties were reinforced by the problem that we could only observe price reactions to human behavior instead of observing the actual expectations.


This changed in the eighties, when companies like Money Market Services International (MMSI) and Consensus Economics started to gather investors’ expectations of future asset prices by means of surveys. The use of survey data allows researchers to directly observe investors’ expectations about future prices and exchange rates, therefore making it easier for them to test investor rationality and information efficiency and to detect possible expectation formation mechanisms that are used by institutional investors
. The main reason for using survey data in the foreign exchange data is that the forward premium is a biased predictor of the exchange rate change (and often even of the opposite sign). It eliminates the joint hypothesis problem of rational expectations and a zero (or constant) risk premium when testing the EMH. Research on survey data is both conducted with aggregated data (i.e. using the mean or median of all forecasts) and with disaggregated data (i.e. using individual or panel forecasts).

So, the availability of survey data makes it possible for us to measure real expectations, and therefore we can directly test for investor rationality by regressing the realized changes in the exchange rate on the investors’ expected change QUOTE 
 . If investor expectations are unbiased, the realized return on the exchange rate should be equal to the expected return, with some error to allow for shocks (e.g. news). Unbiasedness tests of this kind have been conducted many times since the late eighties. One of the first authors that used survey data to test for rationality was Dominguez (1986). The author uses aggregated survey responses on exchange rates from MMS and finds that the null-hypothesis of unbiasedness cannot be rejected. Other papers (e.g. MacDonald and Marsh (1996); Cavaglia et al. (1993); Ito (1990); Frenkel et al. (2009)) confirm this result. Survey data therefore shows that investors are not fully rational.
Rationality within the Efficient Market Hypothesis roughly consists of two pillars: besides the unbiasedness assumption, we can also distinguish the assumption of efficient use of information. This entails that all investors use all available information as efficient as possible in forming expectations. We can test this by regressing the investors’ forecast errors on different sets of information QUOTE 
 . If agents indeed use all available information in an efficient way, there should be no significant relation between the forecast error and the information. Different sets of information can be used. One set of information that is widely used in this test is the lagged forecast error. It reveals whether agents learn from their errors and do not make the same mistakes again. Next to that, the interest differential between countries and the forward premium are commonly used sets of information. Information orthogonality tests were also conducted by Dominguez in her 1986 paper. They showed that investors efficiently incorporate the information from past forecast errors in their expectation formation, but inefficiently used the information from the forward premium (significant β) and left out exogenous information (significant α), which is also confirmed by several follow-up studies. Cavaglia et al. (1994) find that the forward premium puzzle is caused by a combination of irrational traders and the existence of time-varying risk premia. 
Because of the convincing evidence of non-rationality, it is of great interest to unravel the way agents behave and form expectations. Expectational mechanisms that are usually evaluated are mainly of the form of extrapolative, regressive and adaptive models. Combined models are sometimes referred to as ‘MILERA’ (Prat (1994)). Investigations of expectational mechanisms have shown that expectations for a period longer than 3 months ahead are stabilizing, while expectations for shorter periods ahead are destabilizing (Frankel and Froot (1987a,c; 1990); Cavaglia et al. (1993); Ito (1990)). Disaggregated survey data studies provide mixed results for expectational mechanisms. While most of the results imply heterogeneity (e.g. Benassy et al. (2003)), some point in the direction of mean reverting expectations, and others only seem to find extrapolative effects (either contrarian (Frenkel, 2009) or bandwagon). Menkhoff et al. (2009) show that dispersion between agents’ expectations can be assigned to the existence of different types of agents in the market, and they provide evidence for the chartist-fundamentalist approach (which comes down to an extrapolative and regressive strategy). 
2.5 Heterogeneous Agents Models
Although survey studies provided evidence to reject the assumptions of rational expectation formation and information efficiency, the problem of modeling behavior persisted. As a response, some authors tried to stylize and model the behavior of investors, including some of the main biases. One of those models comes from Barberis et al. (1998). In their ‘model of investor sentiment’ they include conservatism and representativeness to explain under- and overreaction of stock prices. Another response came from a new strand of behavioral finance theory in the form of heterogeneous agents models (HAM)
. This heterogeneous agents theory, initiated by and Froot (1987b) and further developed by, among others, Brock and Hommes (1997, 1998) rejects the idea that all large institutional investors behave rationally. Instead of focussing on the psychology part of behavioral finance like Barberis et al. (1998) do, they focus on the bounded rationality part (Simon, 1957).
Frankel and Froot (1987b,c) were the first to suggest the existence of heterogeneous investor expectations, specifically applied to exchange rates. In their 1987(c) paper they distinguish three types of investor behavior. The first type is described as ‘extrapolative’, which means that investors extrapolate the most recent trend. Within the second type (‘adaptive’ behavior), the “expected future spot price is formed adaptively, as a weighted average of the current observed spot rate and the lagged expected rate” (Frankel and Froot, 1987c). The last type of behavior is tagged as ‘regressive’, meaning that prices are expected to return to their long-term equilibrium value. In their research all regimes were separately evaluated and the investigation was still in the framework of agents with homogeneous expectations. In their conclusion they suggest that “investigating heterogeneous investor expectations would be a useful avenue for future research”. 

In the years that followed, more research was conducted in the field of heterogeneous expectations, especially applied to financial assets. De Long et al. (1990a): “[existence of noise traders in financial markets] sheds light on a number of financial anomalies, including the excess volatility of asset prices, the mean reversion of stock returns, the underpricing of closed end mutual funds, and the Mehra-Prescott equity premium puzzle”. Brock and Hommes (1997, 1998) make a distinction between naïve investors (or chartists) and rational investors (or fundamentalists) and state that investors switch between different types of forecasting strategies, based on the past performance of these strategies. Boswijk et al. (2007) adapted this theory and find that both types of agents are active in the US stock market.

Among others, De Grauwe and Grimaldi (2006) find an explanation for the deviation between real and fundamental exchange rates by applying the theory of heterogeneous agents. The Heterogeneous Agents Model (HAM) has also been quite successful in explaining the cyclical behavior of commodity prices (Reitz and Westerhoff (2006); Westerhoff and Reitz (2005); ter Ellen and Zwinkels (2010)). 

With some exceptions, these investigations have in common that the distinction they make is one between a fundamental approach in forming expectations (which can be compared to the regressive method in Frankel and Froot’s publications) and an extrapolative approach, which is usually referred to as ‘technical analysis’ or ‘chartist behavior’. Furthermore, most of the models assume that agents switch between the two strategies, depending on the forecasting performance or profitability of a certain strategy. 

Fundamentalists base their expectations on economic theory. This group believes that the market price will revert to the intrinsic value of an asset and therefore bases expectations on the deviation of the market price from the fundamental value. Technical traders, or chartists, base their expectations on past price behavior. They extrapolate information from the past, expecting trends to continue in the same direction. Taylor and Allen (1992) confirm Frankel and Froot’s presumption of the existence of technical traders in foreign exchange markets with a survey. Fundamentalist behavior is assumed to have a stabilizing effect on prices, while chartists tend to have a destabilizing effect driving asset prices away from the intrinsic value of the asset.
Heterogeneous Agents Models attract increasing attention within the mainstream finance literature. The models seem to describe investor behavior more closely than the neo-classical models that assume rational expectations. Where the models were especially simulated in the beginning (e.g. Day and Huang (1990); Brock and Hommes (1997,1998); , they are increasingly tested empirically on a wide range of assets (e.g. stock prices: Boswijk et al. (2007); exchange rates: De Jong et al. (2009a,b)); options (Frijns et al. (2010); commodities (Reitz and Westerhoff (2006)). The models appear to generate good in-sample results, as well as out-of-sample results. For example, in the paper of Ter Ellen and Zwinkels (2010) their HAM model outperforms random walk predictions for the price of crude oil and in Kouwenberg and Zwinkels (wp, 2010) HAM outperforms different forecasting methods when applied to the U.S. housing market. Survey data can be used to provide more empirical support for this promising field of finance, by directly testing the expectation formation mechanisms assumed in the heterogeneous agents models on survey expectations. One of the first attempts to estimate a full heterogeneous agents model including switching on survey data is made by Jongen et al. (wp, 2010). They find that dispersion of expectations is caused by heterogeneous agents attaching different weights to the three different rules. They find some evidence of switching between strategies, which increases for longer horizons.

This paper is a follow-up to previous literature and attempts to find evidence for fundamentalists, chartists and switching behavior. In the next section we will introduce and describe the (survey) dataset that will be used in this research and we will perform some preliminary tests for dispersion and forecast accuracy of the respondents.
CHAPTER 3 Data

To get a better understanding of the beliefs of agents in general and specifically the forecasting rules they execute, we use a unique dataset of investor forecasts. The dataset that is central to this work is a survey dataset from FX Weekly, which contains forecasts from a large number of professional investors for several exchange rates and forecast horizons. Respondents include investors from JPMorgan, Barclays Capital, Citigroup, RBS and Societe General. To our knowledge, this dataset has not been used for this purpose yet. 

Table 1 Dataset
	Survey data set description

	Surveying institution
	FX Weekly

	Exchange rates
	$/€, $/GBP, yen/€, yen/$

	Frequency
	weekly, unbalanced

	Forecast horizons
	1, 3 and 12 months

	no. Participants
	61

	Background respondents
	Financial institutions

	All currencies/horizons

	Min. # resp.
	 9

	Max. # resp.
	41

	Median # resp.
	37


As we can see in the table above, the data was sampled at a weekly frequency for one, three and 12 month forecasts. A total number of 61 investors from large renowned banks and investments companies participated in the survey. From January 2003 to February 2008, forecasts were made for the US Dollar against the Japanese Yen, the Pound Sterling and the Euro, and for the Euro against the Japanese Yen. Most of the data analysis will be conducted in a panel structure. The panel is unbalanced, since there are some one or two week gaps and over time some panellists left or entered the survey. 

Spot exchange rates and interbank lending rates were gathered from Datastream
, as well as PPP exchange rates for the fundamental forecasting rules.

3.1 Data description
In Table 2 below the descriptive statistics are shown for the cross-sectional mean log expectations and for the log realized returns. From the negative period mean expectations
 of the one, three and 12 month ahead EURJPY, GBPUSD and USDJPY exchange rates we can see that overall, investors expect a depreciation of the yen against the euro and the dollar, and a depreciation of the dollar against the pound. The standard deviations of the forecasts are very high compared to the means, showing that the mean expectations are very volatile over time. Standard deviations increase as the forecast horizon becomes longer. Another interesting feature is that the High-Low statistic, which shows the difference between the maximum and the minimum observation, increases with the forecast horizon. The dispersion in beliefs thus increases over time. 
It is interesting to compare these statistics to the descriptive statistics of the realized returns, where there is a positive mean for the first three currencies, and a negative mean for the USDJPY. This means that for both the EURJPY and the GBPUSD exchange rates, investors were not even able to predict the right sign of the mean returns over time. Just like the standard deviation of the forecasts, the standard deviation of the realized returns is high, which displays the high volatility of the foreign exchange markets. The high kurtosis shows that the distribution of the expectations is fat-tailed, which is in line with realized returns. 
Table 2 Descriptive statistics
	 
	eurjpy 1m
	eurjpy 3m
	eurjpy 12m

	 
	expected
	realized
	expected
	realized
	expected
	realized

	 Mean
	-0.004376
	0.004414
	-0.009403
	0.010762
	-0.032963
	0.015634

	 Median
	-0.006663
	0.008458
	-0.01357
	0.017724
	-0.04182
	0.028996

	 Maximum
	0.043129
	0.062593
	0.041983
	0.092379
	0.069712
	0.144505

	 Minimum
	-0.035762
	-0.082344
	-0.050406
	-0.083859
	-0.079186
	-0.324907

	High-Low
	0.078891
	0.144937
	0.092389
	0.176238
	0.148898
	0.469412

	 Std. Dev.
	0.011925
	0.025043
	0.016715
	0.033468
	0.034125
	0.096308

	 Skewness
	0.914614
	-0.70115
	0.759213
	-0.58208
	1.061343
	-2.023468

	 Kurtosis
	4.708801
	3.956914
	3.186485
	3.064222
	3.327416
	7.122021

	 Jarque-Bera
	56.39466
	25.93915
	21.06355
	12.23455
	41.51695
	300.3187

	 Probability
	0
	0.000002
	0.000027
	0.002204
	0
	0


	 
	eurusd 1m
	eurusd 3m
	eurusd 12m

	 
	expected
	realized
	expected
	realized
	expected
	realized

	 Mean
	0.001463
	0.006863
	0.007377
	0.016325
	0.017608
	0.045045

	 Median
	0.000842
	0.006839
	0.00572
	0.01744
	0.021944
	0.061247

	 Maximum
	0.03295
	0.074618
	0.049861
	0.103089
	0.086353
	0.191899

	 Minimum
	-0.040934
	-0.055757
	-0.039497
	-0.088859
	-0.04982
	-0.152833

	High-Low
	0.073884
	0.130375
	0.089358
	0.191948
	0.136173
	0.344732

	 Std. Dev.
	0.01216
	0.026895
	0.016211
	0.041318
	0.03075
	0.082385

	 Skewness
	0.033378
	0.138582
	0.213092
	-0.238704
	-0.200686
	-0.731024

	 Kurtosis
	3.060198
	2.647043
	2.295101
	2.80959
	2.311255
	2.713586

	 Jarque-Bera
	0.072721
	1.812589
	6.106641
	2.377569
	5.719223
	19.97654

	 Probability
	0.964293
	0.404019
	0.047202
	0.304591
	0.057291
	0.000046


	 
	gbpusd 1m
	gbpusd 3m
	gbpusd 12m

	 
	expected
	realized
	expected
	realized
	expected
	realized

	 Mean
	-0.000596
	0.004004
	0.000434
	0.009319
	-0.004815
	0.011158

	 Median
	-0.000832
	0.005744
	-1.48E-05
	0.011015
	-0.005337
	0.035705

	 Maximum
	0.026516
	0.066625
	0.043412
	0.110731
	0.053683
	0.167522

	 Minimum
	-0.031889
	-0.053239
	-0.034967
	-0.091801
	-0.055955
	-0.338279

	High-Low
	0.058405
	0.119864
	0.078379
	0.202532
	0.109638
	0.505801

	 Std. Dev.
	0.010811
	0.02507
	0.014448
	0.037707
	0.023297
	0.111234

	 Skewness
	-0.184361
	0.02496
	0.126812
	0.074175
	0.075346
	-1.466277

	 Kurtosis
	2.942283
	2.602848
	2.928036
	3.096935
	2.365683
	5.001205

	 Jarque-Bera
	1.253588
	1.441993
	0.625539
	0.282635
	3.825592
	113.4423

	 Probability
	0.534302
	0.486267
	0.731418
	0.868214
	0.147667
	0

	 
	usdjpy 1m
	usdjpy 3m
	usdjpy 12m

	 
	expected
	realized
	expected
	realized
	expected
	realized

	 Mean
	-0.005561
	-0.002449
	-0.016957
	-0.005563
	-0.051891
	-0.029411

	 Median
	-0.006408
	-0.001553
	-0.017575
	-0.001566
	-0.057633
	-0.024394

	 Maximum
	0.037971
	0.067511
	0.03692
	0.100705
	0.040262
	0.164818

	 Minimum
	-0.047794
	-0.086427
	-0.072386
	-0.122424
	-0.121485
	-0.228888

	High-Low
	0.085765
	0.153938
	0.109306
	0.223129
	0.161747
	0.393706

	 Std. Dev.
	0.01392
	0.02686
	0.020135
	0.040165
	0.036152
	0.084071

	 Skewness
	0.212816
	-0.413685
	0.155903
	-0.255813
	0.49118
	0.034329

	 Kurtosis
	3.343362
	3.12577
	2.771813
	2.777662
	2.505154
	2.188467

	 Jarque-Bera
	2.691545
	6.303242
	1.343636
	2.800763
	10.88913
	5.969702

	 Probability
	0.260339
	0.042783
	0.510779
	0.246503
	0.00432
	0.050547


The tables above show the descriptive statistics of log expected and log realized returns for 3 horizons for the EURJPY, EURUSD, GBPUSD and USDJPY. 
3.2 Dispersion of beliefs
As we are talking about heterogeneous agents throughout the paper, it is interesting to see whether they are actually heterogeneous or whether we might be able to see a representative agent. Therefore we will look a bit closer at the dispersion of beliefs first. We do this by estimating the individuals’ distance from the mean forecast ([image: image6.png]


) and by evaluating the summary statistics of this measure (Table 3).
Table 3 Dispersion of beliefs
	 
	EURJPY
	EURUSD

	 
	1m
	3m
	12m
	1m
	3m
	12m

	 Maximum
	0.1155
	0.1285
	0.1833
	0.0892
	0.1134
	0.1438

	 Minimum
	-0.1362
	-0.1115
	-0.2100
	-0.1057
	-0.0991
	-0.1944

	Spread
	0.2517
	0.2400
	0.3933
	0.1949
	0.2125
	0.3381

	 Std. Dev.
	0.0166
	0.0283
	0.0513
	0.0162
	0.0274
	0.0516

	 Skewness
	-0.2510
	-0.2177
	-0.1345
	-0.1460
	-0.2647
	-0.4059

	 Kurtosis
	5.7481
	3.6718
	3.1957
	4.6311
	3.1554
	3.1240

	 Jarque-Bera
	2192.05
	180.02
	31.06
	771.37
	85.51
	189.44

	
	
	
	
	
	
	

	 
	GBPUSD
	USDJPY

	 
	1m
	3m
	12m
	1m
	3m
	12m

	 Maximum
	0.0743
	0.0847
	0.1671
	0.1020
	0.1123
	0.1972

	 Minimum
	-0.0944
	-0.1460
	-0.2061
	-0.1014
	-0.1294
	-0.2077

	Spread
	0.1687
	0.2307
	0.3732
	0.2035
	0.2418
	0.4049

	 Std. Dev.
	0.0158
	0.0263
	0.0457
	0.0177
	0.0293
	0.0565

	 Skewness
	-0.4781
	-0.5884
	-0.2898
	-0.3158
	-0.0684
	0.2635

	 Kurtosis
	5.4427
	5.2104
	4.3693
	4.9053
	4.0491
	3.1624

	 Jarque-Bera
	1932.74
	1761.00
	620.77
	1131.70
	314.36
	85.39


Table 3 shows us descriptive statistics for the dispersion of beliefs[image: image7.png]


. The mean has been left out, since this is zero by the definition of dispersion. 

From the maximum, the minimum and the spread (the difference between the first two) we can see that expectations can be as much as 19% higher and 21% lower than the mean expectation. For all currencies, the spread becomes larger for a larger forecast horizon. This indicates that expectations are less dispersed for shorter forecast horizons. This conclusion is reinforced by the smaller standard deviation for the short horizon. An interesting feature is that the spreads for the Japanese yen against the Euro and the Dollar are larger than the spreads for the Dollar against the Euro and the Pound. This might be caused by the majority of European and American banks included in the survey, assuming that they have an informational advantage for Western currencies. Another explanation for the larger spreads for the currencies against the Japanese Yen could be intervention from the Japanese central bank.
 Unexpected central bank intervention leads to more uncertainty about the future exchange rate, and therefore more dispersion. The skewness is negative in all but one cases, which points at stronger negative dispersion. The kurtosis statistic shows that the distribution of dispersion is heavily fat-tailed, so many investors have expectations that are far from the mean.

3.3 Forecast errors and random walk expectations
We have just seen that investors’ beliefs are dispersed, so that there is no such thing as a representative agent for the foreign exchange market. Therefore it is inevitable to find significant forecast errors in the investor’s predictions compared to the realized returns. Since the investors have different expectations, it is impossible that they are all accurate. Consequently, the question here is not whether there are individual forecast errors, but whether they even out on aggregated level. This is also a relevant test considering the fact that the EMH does not rule out the possibility of noise traders in the market, but states that they will not have a significant effect on prices because they are random and therefore even out. A test on mean forecast errors is therefore more appropriate to test this theory. 
A simple hypothesis test is conducted to investigate whether the mean of the aggregated forecast errors is significantly different from zero. The null hypothesis that the mean of this series equals zero is rejected at 5% for all but one currencies and horizons
, so disaggregated forecasts errors do not even out on aggregated level. Furthermore, it is interesting to see whether the investors would have performed better in case they had used a simple random walk model to predict future exchange rates. 

Table 4
 shows us the ranking of the investors’ forecasts compared to the random walk, based on mean squared error (MSE). Besides the ranking and the identifiers of the banks, the table shows how many forecasts the banks made (‘no. resp.’). This is important to compare the accuracy of the forecasts to the random walk forecast, which was made 216 times. After all, if a bank with only seven forecasts scores better than the random walk, this can be seen as just a matter of good luck. One of the things we can gather from the table is that many investors underperform compared to the random walk, i.e. they could have performed better in case they had just used random walk expectations. Furthermore we can see that the longer the horizon, the more investors outperform the random walk strategy. This indicates that the predictability of exchange rates increases for longer forecast horizons
.
3.4 Fundamental exchange rates
As we assume that some investors might use some form of fundamental analysis in forming their expectations, we need to know what the fundamental value of an exchange rate is. However, this is not straightforward. Economic literature is indecisive about the true value of exchange rates. Several models have been suggested, under which Purchasing Power Parity (PPP), Uncovered Interest Parity (UIP) and the monetary model. Since this is an empirical study, we do not have to worry about what economists think is the fundamental value of an exchange rate, but what investors assume this to be. Although this does not particularly make it more straightforward, we can make some assumptions. 

Investors in the foreign exchange market need information in order to be able to form expectations and to make investment decisions. This information is costly, especially when it comes to information that is not directly observable, like the fundamental value of the exchange rate. Before gathering this information, investors are likely to make some sort of cost-benefit analysis: when do the costs of obtaining a fundamental value dominate the benefits? Based on this behavior, we choose to use the OECD PPP value of exchange rates as an approximation of the fundamental value, since it does not require complicated analysis, models and calculations, and is available against low costs. 

Figure 1 below displays the OECD PPP rates and the nominal exchange rates used in this study. It shows us that the exchange rate is heavily mispriced most of the time. For the EURJPY exchange rate, we can see some movement of the nominal exchange rate around the fundamental value, but the sample is too short to see if this pattern really continues. The USDJPY seems to be consistently lower than the fundamental PPP rate, whereas the GBPUSD and the EURUSD show the opposite from the end of 2003 onwards. This indicates that the US$ was underpriced against the EU€, the JP¥ and the GB£ for over four years. 

The following section will describe the methodology used to evaluate the investors’ forecasting strategies. 

Figure 1 – Nominal and PPP rates (natural logarithms)

	[image: image8.emf]4.80

4.85

4.90

4.95

5.00

5.05

5.10

5.15

1/13/034/28/037/21/0310/27/032/02/045/24/049/13/041/17/054/18/057/11/0510/10/052/13/065/22/0610/30/062/12/075/07/078/13/0711/19/07

EURJPYPPP XRAT_EURJPY


	[image: image9.emf].05

.10

.15

.20

.25

.30

.35

.40

.45

1/13/034/28/037/21/0310/27/032/02/045/24/049/13/041/17/054/18/057/11/0510/10/052/13/065/22/0610/30/062/12/075/07/078/13/0711/19/07

EURUSDPPP XRAT_EURUSD



	[image: image10.emf].40

.45

.50

.55

.60

.65

.70

.75

1/13/034/28/037/21/0310/27/032/02/045/24/049/13/041/17/054/18/057/11/0510/10/052/13/065/22/0610/30/062/12/075/07/078/13/0711/19/07

GBPUSDPPP XRAT_GBPUSD


	[image: image11.emf]4.60

4.65

4.70

4.75

4.80

4.85

4.90

4.95

5.00

1/13/034/28/037/21/0310/27/032/02/045/24/049/13/041/17/054/18/057/11/0510/10/052/13/065/22/0610/30/062/12/075/07/078/13/0711/19/07

USDJPYPPP XRAT_USDJPY




CHAPTER 4 Methodology 
After we have seen that agents make forecast errors and systematically deviate from the random walk hypothesis, it is appropriate to investigate their forecasting strategies. In doing so, we assume that the investors have limited information which they interpret in the same way, but that they attach different weights to different sources of information. A result from the overconfidence bias is that agents try to detect patterns in the exchange rate movements to predict future exchange rates, while the foreign exchange market actually shows a random walk.

According to the literature on Heterogeneous Agents Models (HAM), agents use different models to process the information into expectations. The models that are widely used in the HAM literature are technical analysis (i.e. chartist; i.e. extrapolative) and fundamental analysis (i.e. mean reverting; i.e. regressive). To make a connection between the Heterogeneous Agents Models and empirics, these two models will be tested on our survey data set. Next to these two models, an additional model is tested that is based on the interest differential between the countries. As we will see later on, this can be interpreted as either based on Uncovered Interest Parity (UIP) or Carry Trade. 

4.1 Chartism
The first type of investors that we distinguish is chartist. According to Allen and Taylor (1990, 1992), almost 90% of investors in the foreign exchange market use some form of technical analysis (chartism) to predict future changes of exchange rates. Andreassen & Kraus (1990) show that investors are more likely to sell if prices decline and to buy in case of price increases, which is an indication of chartist behavior. De Bondt (1993) confirms these findings with survey results that show that people are optimistic in bull markets and pessimistic in bear markets.

Chartism is a deviation from rationality that can partly be assigned to anchoring and representativeness bias. Representativeness, as described in chapter 2, can occur when people have to determine the probability that a series of returns (B) generates some price or return (A). Instead of looking at base rates and the overall distribution of returns, they try to find similarities in A and B, and therefore think that the past returns are representative for the forecasting period. This can lead to similar results as anchoring, as this behavioral bias makes people anchor too much to their starting value, where their starting value can be the past return or past price of an asset. 

The most basic form of chartism is direct trend extrapolation, also referred to in the behavioral finance literature as bandwagon expectations. 
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(1)
In case β>0, investors using this strategy expect price trends to continue. Chartists are then said to be destabilizing, as they drive the exchange rate in one direction. If β<0, chartists show contrarian behavior, which means that they expect past price movements to revert. k denotes the forecast horizon.
Because of several findings in psychology and behavioral finance, we know that people respond differently to gains and losses (Kahneman and Tversky (1979)). Therefore the possibility arises that chartists extrapolate expected positive movements in the exchange rates in a different way than expected negative movements. To account for this difference, we test an asymmetric chartist equation, where a distinction is made between positive and negative past price movements. 
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 ) is the past price movement multiplied by a dummy that takes upon a value of 1 in case the past price movement was positive (negative) and 0 in case the past price movement was negative (positive). The corresponding coefficients can differ in magnitude and sign. 
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Several studies (Frankel and Froot (1987a,c; 1990); Cavaglia et al. (1993); Ito (1990)) show that bandwagon effects especially occur in the short run (dependent on the study up to 1 to 3 months), but disappear or turn into contrarian effects for longer horizons. Because the expectation formation process is the same for extrapolative and contrarian strategies, except for their opposite sign of the explanatory coefficient, it is difficult to distinguish these effects. It is possible that some investors show extrapolative behavior, while others act in a stabilizing way. When these effects even out on the macro level, making the chartist coefficient insignificant, it might not have an effect on the price, but we cannot observe the true heterogeneity of the agents. However, in times of crisis or other financial turmoil the extrapolative type might begin to dominate, causing severe destabilizations of the market. For these situations, it is useful to make a distinction between bandwagon and contrarian expectations. To our best knowledge, this distinction has not been made before in estimating these kinds of models. To be able to see whether the sign we find in equation (1) and (2) represents a single type of investor or is a composition of a contrarian and bandwagon part, we estimate the following equation:
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  incorporates a dummy accounting for positive extrapolation (bandwagon effects), which takes upon the value of 1 if the past price movement and the individual expectation are of the same sign and 0 otherwise, and  incorporates a dummy accounting for contrarian behavior, which takes upon the value of 1 if the past price movement and the individual expectation are of opposing signs, and 0 otherwise.

4.2 Fundamentalism
Traders with a fundamentalist approach include the fundamental value of the exchange rate in their expectations. The fundamental value is the long-run intrinsic value of the exchange rate and according to the HAM literature fundamentalists expect the price of the asset to revert to that long-run value. This means that they expect prices of overvalued assets to decrease, and prices of undervalued assets to increase, until the price of the asset reflects its fundamental value. In the behavioral finance literature, this behavior is often referred to as ‘regressive’ or ‘mean reverting’, as it assumes reversion to some kind of mean. Fundamentalists base their expectations on the deviation between the price and the fundamental value of an asset. They perceive such a situation as a mispricing, i.e. an undervaluation or overvaluation of the currency. 
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(4)
The equation shows that the price movement expected by fundamentalists is caused by the deviation of the price from the fundamental value. For a positive γ fundamentalists are stabilizing, i.e. they expect the exchange rate to revert to its fundamental PPP-based value whereas a negative value of γ implies destabilizing behavior. 

For the same reason as chartists, fundamentalists may react in an asymmetric way to under- or overvaluation of exchange rates. 
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 () is the fundamental deviation multiplied by a dummy that takes upon a value of 1 in case the fundamental deviation is positive (negative) and 0 in case the fundamental deviation was negative (positive). The corresponding coefficients can differ in magnitude and sign.

The last type of fundamentalist behavior we will test incorporates a non-linear response to the deviation from the fundamental value (Sarno et al. (2006)). The idea behind this is that a mean reverting expectation is more likely and probably stronger in case the exchange rate is far away from its fundamental value. In such a situation, investors feel that chances are high that the exchange rate will go back to this value. On the other hand, in case the exchange rate is close to its fundamental value, the risk of trend extrapolation is too big and the transaction costs are too high to benefit from fundamental analysis. This effect is captured by taking the fundamental deviation to the power of three:
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4.3 Interest differential
Most HAM-based models especially focus on the two forecasting strategies just discussed: chartism and fundamentalism. Yet, in the foreign exchange market there is another source of information that is widely used in forecasting exchange rates, namely the interest differential between countries. For a long time, it was assumed that the interest rate differential was used in the light of the uncovered interest parity (UIP): a difference in the interest rate should be offset by an increase or decrease of the exchange rate, so that investing in a high-interest rate country does not yield higher profits than investing in a low-interest country. However, many cases of carry trade have been observed in the past decades. Carry trade occurs under the exact opposite assumptions from uncovered interest parity, in the sense that carry traders try to exploit the interest differential by borrowing in the low interest country and lending in the high interest country. 
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The sign of [image: image38.png]


 indicates whether investors apply carry trade or uncovered interest parity. A positive value of [image: image40.png]


 reveals trading based on uncovered interest parity, a negative value shows that there are carry traders in the market.

As was the case for chartists, we have the problem of two different strategies that both use the same information, but do this is an exact opposite way. In this case, it would be interesting to see whether there is actually only one type of trader that uses the interest differential or that there are both carry traders and UIP traders. We will try to reveal this in a similar way, by estimating the equation:
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) should reveal uncovered interest parity (carry trade) and is the interest differential multiplied by a dummy with the value of one (zero) in case the individual’s forecast and the interest differential are of the same sign and a value of zero (one) otherwise. 
4.4 Heterogeneity: combined model
In case we find significance of the individual models, it becomes interesting to merge them into one model, in order to exclude the possibility of omitted variables bias by seeing whether the coefficients are still significant. For the combined model we start with the basic Equations (1), (5) and (7) for the chartist, fundamental and interest differential models. The choice for the linear fundamental model is motivated by ease of interpretation of the coefficient and the added complexity of the non-linear model
. Also, since the goal is to test the assumed behavior from the HAM literature, it is desirable to stay as close as possible to the strategies suggested in this strand of literature.
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As for the separate strategy models, this model is tested on the whole panel of investors over the entire survey sample. An interesting feature of testing this combined model on the different time horizons is that it enables us to see whether the strategies change in significance and dominance for increasing forecasting horizons. Chartism is usually seen as a short term strategy, so we would expect [image: image48.png]


 to decrease in significance and magnitude for three and 12 month horizons. Additionally, exchange rates generally need a long time to revert to their fundamental value. Rogoff (1996) showed that the half-life of most exchange rates is three to five year. We can therefore expect that this strategy only becomes significant for the longer horizons. It is not straightforward what the effect of horizon will be on the interest differential parameter. Nevertheless we can characterize uncovered interest parity as a more fundamental strategy (i.e. more appropriate for longer horizons), and carry trade as a speculative strategy (for short horizons). With this characterization, we expect to see a negative parameter for the one month horizon, which turns into a positive parameter for the 12 month horizon.

Secondly, we will add the dummies to allow for differencing effects of bandwagons and contrarian expectations, and the dummies to discriminate between the UIP and carry trade effects. 
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Heterogeneity can be caused by the use of different models by different individuals, i.e. model heterogeneity, or by differences in the weights that individuals apply to the various strategies, i.e. coefficient heterogeneity. On the aggregated level, it is impossible to distinguish which of these effects occur. In this paper we study these effects by estimating the combined model separately for all individuals and evaluating the significance and the magnitude of the model coefficients. 

4.5 Time variation and switching
In the previous sections we have assumed that agents put constant weights on the forecasting rules that they use. However, both theory and empirical evidence (Prat & Uctum (2007); Bloomfield & Hales (2002); Branch (2004)) suggest that agents change the weights assigned to a certain strategy, often referred to as ‘ switching’ between rules. In this section, we will show whether the survey data confirms the assumption of evolving weights to forecasting rules. In doing so, we will follow the approach used in the Heterogeneous Agents literature and introduced by Brock & Hommes (1997, 1998) by using a switching rule that is based on the forecasting accuracy of a certain strategy. In order to do this, we need to take mean expectations of agents. 

To capture agents’ switching between forecasting rules, we update Equation (9) with a weighing function:
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 are the weights assigned to the chartist, fundamentalist and interest differential rules respectively. How much weight agents put on a certain strategy depends on the forecasting accuracy of this strategy. The weights are therefore computed as:
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which is based on the model of Brock and Hommes (1997, 1998). The weight assigned to strategy s is a function of the performance of strategy s on time t ([image: image59.png]


) divided by the sum of all performances. The performance of a strategy is given by the previous period’s forecast error of that strategy:
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The rationale behind these equations is that investors compare the real past change of the exchange rate with the change that was predicted by each of the models. The model with the smallest forecast error, i.e. the model that had the best prediction in the previous period, should receive the highest weight in the coming period. Therefore we expect the switching parameter ρ to be negative. In case this parameter is positive, agents switch to the rule that performed worst in the previous period. 

The switching parameter is often referred to in the literature as the intensity of choice, and captures the delay in agents’ response to changes in performance. It is negatively related to the status quo bias described by Samuelson & Zeckhauser (1988), implying that people do not immediately change their behavior if they observe that this is desirable, unless the reasons are appealing enough to do so. A high (absolute) ρ implies that the status quo bias is low, while the opposite occurs for a low (absolute) ρ. 

In Chapter 5 we will present and evaluate the results from regressing the above equations. All regressions in Sections 5.1 to 5.4 are estimated using ordinary least squares on panel data with fixed effects
, which captures some level of individual heterogeneity by allowing for individual specific intersections. We account for autocorrelation with White period. In Section 5.5, mean expectations are used in combination with maximum likelihood estimation, where Newey-West is used to account for autocorrelation. Accounting for serial correlation is necessary because of the overlapping character of the forecasts. Since the forecasts are weekly, and the horizons are one month or longer, the next forecast is made before the first forecast has expired. This would almost certainly lead to autocorrelation in the empirical model residuals.
CHAPTER 5 Results 
In this chapter, we will discuss the results from estimating the equations from Section 4

5.1 Chartism
Section 5 describes the results from estimating the chartists models on the investor expectations. In this section, all equations are estimated on the full panel.
Table 5 Results chartism/extrapolation – basic model

	Extrapolation - basic

	 
	 
	c
	extrapolative
	adj R²

	EURJPY
	1m
	-0.0039***
	-0.3888***
	0.2418

	
	
	(-85.8874)
	(-19.4223)
	

	
	3m
	-0.0096***
	-0.1885***
	0.1170

	
	
	(-27.1782)
	(-5.8352)
	

	
	12m
	-0.0375***
	-0.0958
	0.2280

	
	
	(-10.7553)
	(-1.4920)
	

	EURUSD
	1m
	0.0048*
	-0.0061
	0.0928

	
	
	(1.8671)
	(-1.1646)
	

	
	3m
	0.0169***
	-0.0205*
	0.1782

	
	
	(2.9086)
	(-1.6888)
	

	
	12m
	0.0636***
	-0.1173***
	0.3972

	 
	 
	(4.6049)
	(-3.6495)
	 

	GBPUSD
	1m
	-0.0060
	0.0043
	0.0614

	
	
	(-0.8998)
	(0.8028)
	

	
	3m
	0.0018
	-0.0020
	0.0610

	
	
	(0.2911)
	(-0.3931)
	

	
	12m
	0.0055
	-0.0052
	0.0616

	 
	 
	(0.7788)
	(-0.8697)
	 

	USDJPY
	1m
	-0.0074***
	-0.4353***
	0.3539

	
	
	(-142.7563)
	(-22.1735)
	

	
	3m
	-0.0196***
	-0.3329***
	0.2661

	
	
	(-314.3972)
	(-11.5410)
	

	
	12m
	-0.0592***
	-0.2637***
	0.3632

	
	
	(-193.8799)
	(-5.8458)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (1). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
Table 5 presents the results from estimating the basic chartist model from Equation (1). The negative coefficients for all currencies
 and all forecast horizons indicate that chartists on the foreign exchange market are rather contrarian than extrapolative. Especially for the Japanese Yen against the Euro and the US Dollar it is clear that chartists are mainly active on short horizons, as the magnitude and significance of the coefficient decreases for an increasing forecast horizon. This is in line with theory, which suggests that chartism mainly occurs for short horizons. The opposite effect is noticeable for the EURUSD, where the strategy becomes significant for the 12 month horizon only. Interestingly, the r-squareds differ a lot between the currencies. This indicates that the model fits some currencies better than others.
Table 6 Results chartism/extrapolation – asymmetric model 

	Bandwagon - asymmetric

	 
	 
	c
	extr. neg
	extr. pos
	Wald p
	adj R²

	EURJPY
	1m
	-0.0057***
	-0.4706***
	-0.2884***
	0.0001
	0.2456

	
	
	(-13.6480)
	(-13.1276)
	(-13.5258)
	 
	

	
	3m
	-0.0118***
	-0.2868***
	-0.1090***
	0.0109
	0.1191

	
	
	(-13.4993)
	(-5.2058)
	(-2.7042)
	 
	

	
	12m
	-0.0360***
	-0.0215
	-0.1019
	0.6106
	0.2280

	
	
	(-10.2300)
	(-0.1347)
	(-1.5599)
	 
	

	EURUSD
	1m
	-
	-
	-
	 
	 

	
	3m
	-
	-
	-
	 
	

	
	12m
	0.0812***
	1.2162***
	-0.1548***
	0.0000
	0.4200

	 
	 
	 (5.2931)
	(5.0348)
	(-4.3907)
	 
	 

	GBPUSD
	1m
	-
	-
	-
	 
	 

	
	3m
	-
	-
	-
	 
	

	 
	12m
	-
	-
	-
	 
	 

	USDJPY
	1m
	-0.0082***
	-0.4667***
	-0.3905***
	0.0548
	0.3544

	
	
	(-18.5669)
	(-15.8265)
	(-15.7298)
	 
	

	
	3m
	-0.0181***
	-0.2901***
	-0.3936***
	0.0633
	0.2670

	
	
	(-21.8750)
	(-6.5645)
	(-12.0650)
	 
	

	
	12m
	-0.0608***
	-0.2929***
	-0.2304***
	0.4634
	0.3635

	
	
	(-26.0649)
	(-4.5037)
	(-3.9520)
	 
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (2). As the GBPUSD on all horizons, and the EURUSD for the one and three month horizons only showed positive past returns, we were unable to regress the asymmetric effect equation for these currencies. Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
Table 6 presents the results from estimating Equation (2), i.e. the equation that allows for asymmetric effects. Wald tests for the significant coefficients in the asymmetric bandwagon model show that they are significantly different from each other
. For most currencies and horizons the extrapolation after a negative past return is stronger than the extrapolation after a positive past return. The most striking result we find is for the 12 month EURUSD forecasts, where there are bandwagon effects after negative log returns and contrarian effects after positive log returns. This could result in large bubbles for the US$ (or deep crashes for the €), as negative movements are being extrapolated while positive movements revert. To see if this result is robust we would need a larger sample, as it can be biased due to the fact that past log returns were only negative for a small period of time in this sample.

There are two possible reasons for the small and sometimes insignificant coefficients of the basic extrapolative equation. Either investors that trade in these markets do not use technical analysis in forming forecasts, or the group of contrarians is of similar size as the group of positive extrapolators, causing the effects to even out. 

By testing Equation (3), we can see which of these explanations is most plausible. The results are displayed in Table 7 below. It is very interesting to see that there are indeed two types of trend extrapolators active in this market, with opposing beliefs about how to extrapolate trends. In general, the contrarian effect dominates, which is why we see negative coefficients for the basic model. The changing effect of chartists over time is ambiguous based on these results, as the magnitude of the coefficient increases for some currencies, and decreases for others over time. We can indeed see that the effect of chartists in the market for GBPUSD is limited, as the coefficients are small. However, when split into a bandwagon and a contrarian effect, they turn significant. As the coefficients of these strategies are very similar in absolute terms, it is plausible that their effects even out on aggregated level, which explains the insignificant coefficients in Equation (1). The same argument applies to the 1m EURUSD expectations. 

Table 7 Results chartism/extrapolation – bandwagon & contrarian

	Extrapolation - Bandwagon & Contrarian

	 
	 
	c
	bandwagon
	contrarian
	adj R²

	EURJPY
	1m
	-0.0029***
	0.4247***
	-0.6541***
	0.52052

	
	 
	(-67.4780)
	(21.8456)
	(-40.3241)
	

	
	3m
	-0.0062***
	0.5935***
	-0.6879***
	0.4521

	
	 
	(-29.4589)
	(20.1960)
	(-28.7190)
	

	
	12m
	-0.0333***
	0.6738***
	-0.3810***
	0.5083

	
	 
	(-13.9505)
	(9.8658)
	(-8.1092)
	

	EURUSD
	1m
	0.0019
	0.0254***
	-0.0296***
	0.5420

	
	 
	(1.2445)
	(7.1316)
	(-10.3565)
	

	
	3m
	0.0091***
	0.0315***
	-0.0571***
	0.5880

	
	 
	(2.9319)
	(4.5282)
	(-9.2028)
	

	
	12m
	0.0370***
	0.0206
	-0.1503***
	0.6969

	 
	 
	(4.1001)
	(0.9095)
	(-7.6269)
	 

	GBPUSD
	1m
	-0.0045
	0.0143***
	-0.0081***
	0.5718

	
	 
	(-1.1588)
	(4.4133)
	(-2.6969)
	

	
	3m
	-0.0024
	0.0127***
	-0.0098***
	0.5716

	
	 
	(-0.6325)
	(3.91932)
	(-3.3177)
	

	
	12m
	-0.0006
	0.0117***
	-0.0116***
	0.5719

	 
	 
	(-0.1328)
	(2.8719)
	(-3.0745)
	 

	USDJPY
	1m
	-0.0054***
	0.2930***
	-0.6571***
	0.5716

	
	 
	(-92.6658)
	(13.4556)
	(-34.6604)
	

	
	3m
	-0.0138***
	0.2892***
	-0.6948***
	0.4706

	
	 
	(-40.8792)
	(6.8926)
	(-23.9822)
	

	
	12m
	-0.0441***
	0.2955***
	-0.6605***
	0.5128

	
	 
	(-35.3035)
	(4.6647)
	(-19.4740)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (3). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
We can compare the performance of the different chartist models by comparing sum of squared errors by means of an F-test in case of nested models, and by evaluating the Akaike Information Criterion for non-nested models. Results are shown in Table 8 below. We can see that in all but one cases, the asymmetric model performs better than the basic model. This difference is however only significant for the 12 month EURUSD rate. The model where the distinction has been made between bandwagon and contrarian expectations outperforms the asymmetric and basic model in all cases.

Table 8 Performance of the models – chartism

	Chartists
	 
	 
	 
	 
	 
	 
	 

	
	 
	Basic
	Asymmetric
	Bandwagon & Contrarian

	 
	 
	adj R²
	AIC
	adj R²
	AIC
	adj R²
	AIC

	EURJPY
	1m
	0.2418
	-5.1885
	0.2456
	-5.1934*
	0.5205
	-5.6466*

	
	3m
	0.1170
	-4.1352
	0.1191
	-4.1375*
	0.4521
	-4.6123*

	 
	12m
	0.2280
	-3.1343
	0.2280
	-3.1341
	0.5083
	-3.5853*

	EURUSD
	1m
	0.0928
	-5.0766
	-
	 
	0.5420
	-5.7599*

	
	3m
	0.1782
	-4.2700
	-
	 
	0.5880
	-4.9603*

	 
	12m
	0.3972
	-3.3041
	0.4200
	-3.3426*
	0.6969
	-3.9914*

	GBPUSD
	1m
	0.0614
	-5.1271
	-
	 
	0.5718
	-5.9118*

	
	3m
	0.0610
	-5.1266
	-
	 
	0.5716
	-5.9114*

	 
	12m
	0.0616
	-5.1273
	-
	 
	0.5719
	-5.9119*

	USDJPY
	1m
	0.3539
	-5.1549
	0.3544
	-5.1556*
	0.5716
	-5.5657*

	
	3m
	0.2661
	-4.1394
	0.2670
	-4.1404*
	0.4706
	-4.4658*

	
	12m
	0.3633
	-3.0403
	0.3635
	-3.0405*
	0.5128
	-3.3079*


Outperformance of the basic model is denoted by *.
5.2 Fundamentalism
Section 5.2 describes the results from estimating the fundamental models on the investor expectations. In this section, all equations are estimated on the full panel.
As we can see in Table 9, where the results from estimating Equation (4) are displayed, fundamentalists seem to be mainly active in the EURUSD and the GBPUSD market. The EURUSD also shows the expected results over different horizons, namely a growing magnitude of the coefficients for longer forecast horizons. The EURJPY confirms this result, as the regressive strategy becomes significant for the 12 month horizon. All significant results show the right sign, indicating that fundamentalists are stabilizing by expecting the exchange rate to move back to its fundamental value. 

Table 9 Results fundamentalism/regressive – basic model

	Regressive - basic

	 
	 
	c
	regressive
	adj R²

	EURJPY
	1m
	-0.0048***
	 0.0003
	0.0402

	
	 
	(-14.7409)
	(0.0568)
	 

	
	3m
	-0.0117***
	0.0015
	0.0873

	
	
	(-12.4994)
	(0.0921)
	 

	
	12m
	-0.0474***
	0.0843*
	0.2463

	 
	 
	(-18.7032)
	(1.8589)
	 

	EURUSD
	1m
	0.0057***
	0.0397***
	0.1038

	
	
	(5.0844)
	(3.4827)
	 

	
	3m
	0.0142***
	0.0730***
	0.1894

	
	
	(5.93467
	(2.9858)
	 

	
	12m
	0.0487***
	0.3617***
	0.4582

	 
	 
	(8.3863)
	(6.1109)
	 

	GBPUSD
	1m
	0.0029*
	0.0203**
	0.0649

	
	
	(1.7354)
	(2.1245)
	 

	
	3m
	0.009268***
	0.056169***
	0.1377

	
	
	(2.7185)
	(2.8600)
	 

	
	12m
	0.037476***
	0.266283***
	0.4264

	 
	 
	(5.2212)
	(6.4393)
	 

	USDJPY
	1m
	-0.0059***
	0.0021
	0.0901

	
	
	(-5.1966)
	(-0.2812)
	 

	
	3m
	-0.0154***
	-0.0229
	0.1539

	
	
	(-5.6248)
	(-1.2872)
	 

	
	12m
	-0.0524***
	-0.0323
	0.3017

	
	
	(-7.9246)
	(-0.7528)
	 


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (4). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
Coefficients from estimating Equation (5) are displayed in Table 10. All currencies show asymmetric results, supported by a Wald test on the different coefficients
. An interesting outcome is that introducing asymmetry in the investors’ responses to positive and negative deviations from the fundamental value results in different signs for the first two currencies. For negative deviations, i.e. overvaluation of the exchange rate, traders of the EURJPY show destabilizing behavior, while traders of the EURUSD market show destabilizing behavior for undervaluation of the exchange rate. This last observation is especially worrisome when combined with the chartist result, since it means that the currency will go down for both undervaluation and past negative returns. This makes the euro very vulnerable to crashes. 

Table 10 Results fundamentalism/regressive – asymmetric model

	Regressive - asymmetric

	 
	 
	c
	regr. neg
	regr. pos
	Wald p
	adj R²

	EURJPY
	1m
	-0.0084***
	-0.0453***
	0.0260***
	0.0008
	0.0461

	
	 
	(-7.3424)
	(-3.2156)
	(2.5880)
	 
	

	
	3m
	-0.0198***
	-0.1011***
	0.0593**
	0.0007
	0.0996

	
	 
	(-7.3624)
	(-3.1663)
	(2.3102)
	 
	

	
	12m
	-0.0618***
	-0.1013
	0.1888***
	0.0077
	0.2592

	 
	 
	(-9.2001)
	(-1.4825)
	(2.7361)
	 
	 

	EURUSD
	1m
	0.0069***
	0.0492***
	-0.0971**
	0.0035
	0.1074

	
	 
	(5.3777)
	(3.9384)
	(-2.2101)
	 
	

	
	3m
	0.0164***
	0.0907***
	-0.1835*
	0.0077
	0.1947

	
	 
	(5.8005)
	(3.2847)
	(-1.7519)
	 
	

	
	12m
	0.0570***
	0.4293***
	-0.6188***
	0.0000
	0.4802

	 
	 
	(9.2562)
	(6.9805)
	(-3.1695)
	 
	 

	GBPUSD
	1m
	0.0024
	0.0179*
	0.3796**
	0.0480
	0.0656

	
	 
	(1.3363)
	(1.7444)
	(2.1431)
	 
	

	
	3m
	0.008163**
	0.050584**
	0.887752**
	0.0527
	0.1395

	
	 
	(2.2137)
	(2.4045)
	(2.1050)
	 
	

	
	12m
	0.037945***
	0.268651***
	-0.086237
	0.4855
	0.4264

	 
	 
	(5.1759)
	(6.3813)
	(-0.1730)
	 
	 

	USDJPY
	1m
	-
	-
	-
	-
	

	
	3m
	-
	-
	-
	-
	

	
	12m
	-
	-
	-
	-
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (5). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
If we allow for non-linearity in the fundamentalist rule (Table 11) the results become significant for three of the four exchange rates. These results provide some evidence for the assumption that fundamentalists become increasingly active in the market when the exchange rate moves further away from its fundamental value. Within this model we can also clearly see that fundamental strategies are mainly used for longer horizons, as the fit of the model increases from one to 12 months. Again, we cannot find significant coefficients for the USDJPY.

Table 11 Results fundamentalism/regressive – non-linear

	Regressive - non-linear

	 
	 
	c
	regr^3
	adj R²

	EURJPY
	1m
	-0.0055***
	0.3622**
	0.0441

	
	 
	(-17.0162)
	(2.2980)
	

	
	3m
	-0.0135***
	0.8775**
	0.0967

	
	 
	(-14.8477)
	(1.9936)
	

	
	12m
	-0.0502***
	3.6655***
	0.2747

	 
	 
	(-19.7697)
	(2.9735)
	 

	EURUSD
	1m
	0.0033***
	0.7569***
	0.1024

	
	 
	(8.2771)
	(3.8040)
	

	
	3m
	0.0102***
	1.5321***
	0.1908

	
	 
	(10.1839)
	(3.0937)
	

	
	12m
	0.0276***
	7.1707***
	0.4545

	 
	 
	(12.9080)
	(6.7418)
	 

	GBPUSD
	1m
	0.0005
	0.1551
	0.0631

	
	 
	(0.6985)
	(1.6153)
	

	
	3m
	0.003138*
	0.492773**
	0.1346

	
	 
	(1.8410)
	(2.1240)
	

	
	12m
	0.010754***
	2.654400***
	0.4239

	 
	 
	(3.5318)
	(6.4034)
	 

	USDJPY
	1m
	-0.0070***
	0.1153
	0.0913

	
	 
	(-12.8906)
	(1.4430)
	

	
	3m
	-0.0186***
	-0.0470
	0.1515

	
	 
	(-14.7262)
	(-0.2542)
	

	
	12m
	-0.0571***
	-0.0435
	0.3003

	
	
	(-18.4888)
	(-0.0962)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (6). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
Again, performance of the models is compared. The results are displayed in Table 12. We can see that in general, the asymmetric model performs best, but this is never significant. The non-linear model performs worse than the basic model in half of the cases, so this cannot be seen as a useful extension of the model.

Table 12 Performance of the models – fundamentalism

	Fundamentalists

	
	 
	Basic
	Asymmetric
	Non-linear

	 
	 
	adj R²
	AIC
	adj R²
	AIC
	adj R²
	AIC

	EURJPY
	1m
	0.0402
	-4.9528
	0.0461
	-4.9588*
	0.0441
	-4.9569*

	
	3m
	0.0873
	-4.1022
	0.0996
	-4.1156*
	0.0967
	-4.1125*

	 
	12m
	0.2463
	-3.1582
	0.2592
	-3.1754*
	0.2747
	-3.1968*

	EURUSD
	1m
	0.1038
	-5.0887
	0.1074
	-5.0927*
	0.1024
	-5.0873

	
	3m
	0.1894
	-4.2837
	0.1947
	-4.2901*
	0.1908
	-4.2855*

	 
	12m
	0.4582
	-3.4109
	0.4802
	-3.4522*
	0.4545
	-3.4041

	GBPUSD
	1m
	0.0649
	-5.1308
	0.0656
	-5.1314*
	0.0631
	-5.1290

	
	3m
	0.1377
	-4.3303
	0.1395
	-4.3322*
	0.1346
	-4.3267*

	 
	12m
	0.4264
	-3.6673
	0.4264
	-3.6672
	0.4239
	-3.6630

	USDJPY
	1m
	0.0901
	-4.8126
	-
	 
	0.0913
	-4.8139*

	
	3m
	0.1539
	-3.9971
	-
	 
	0.1515
	-3.9943

	
	12m
	0.3017
	-2.9480
	-
	 
	0.3003
	-2.9460


Outperformance of the basic model is denoted by *.
5.3 Interest differential
Section 5.3 describes the results from estimating the interest trading models on the investor expectations. In this section, all equations are again estimated on the full panel.

The results of regressing Equation (7) can be found in Table 13. The evolution of the coefficients over the forecast horizons suggest that the interest differential is indeed used for carry trade for shorter horizons, and follows the theory of uncovered interest parity for horizons of 12 months. However, for none of the currencies both the short and the long term effects are significant at the same time. From the fit of the model it seems that the information from the interest differential is mainly used for the long forecast horizon and that we can find some evidence for UIP. 

Table 13 Results Interest differential – basic model

	Interest differential - basic

	 
	 
	c
	uipcarry
	adj R²

	EURJPY
	1m
	-0.0102**
	-0.2080**
	0.0434

	
	 
	(-3.7829)
	(-2.0125)
	

	
	3m
	-0.0219***
	-0.3847
	0.0920

	
	 
	(-2.8132)
	(-1.3130)
	

	
	12m
	-0.0112
	1.1528
	0.2336

	 
	 
	(-0.4998)
	(1.3964)
	 

	EURUSD
	1m
	0.0018***
	-0.0019
	0.0914

	
	 
	(5.0955)
	(-0.0434)
	

	
	3m
	0.0062***
	0.1038
	0.1737

	
	 
	(9.4814)
	(1.2840)
	

	
	12m
	0.0003
	1.2227***
	0.3852

	 
	 
	(1.3801)
	(4.3455)
	 

	GBPUSD
	1m
	-0.0014*
	-0.0562
	0.0620

	
	 
	(-1.8457)
	(-0.9702)
	

	
	3m
	-0.0003
	0.0131
	0.1250

	
	 
	(-0.2150)
	(0.1110)
	

	
	12m
	-0.0034
	0.4512*
	0.3372

	 
	 
	(-1.0739)
	(1.7228)
	 

	USDJPY
	1m
	0.0064***
	-0.0039
	0.0901

	
	 
	(-4.0887)
	(-0.0852)
	

	
	3m
	-0.0165***
	0.0691
	0.1521

	
	 
	(-4.3478)
	(0.6307)
	

	
	12m
	-0.0145
	1.2119***
	0.3421

	
	 
	(-1.3108)
	(3.8914)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (7). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
Again, as we have seen for the chartist rule, the insignificant results can imply that the interest differential is not popular to use in forming expectations, or that there are both carry traders and UIP traders in the market who even out each other’s effects. Support for both strategies can be found in Table 14, which represents the results from estimating Equation (8). For all exchange rates and forecast horizons the effects are significant on a 1% level. Therefore it can be stated that both strategies are being used in the foreign exchange market, but that their effect is only marginal since they even out on aggregated level. The fit of the model increases over time, indicating that the information from the interest differential is particularly used for longer horizons.  

Table 14 Results interest differential – UIP & Carry trade

	Interest differential - UIP & Carry

	 
	 
	c
	Carry
	UIP
	adj R²

	EURJPY
	1m
	-0.0072***
	-0.8032***
	0.3512***
	0.5617

	
	 
	(-5.6279)
	(-16.3326)
	(6.6180)
	

	
	3m
	-0.0125***
	-1.1943***
	0.5988***
	0.5812

	
	 
	(-3.7028)
	(-8.6116)
	(4.6834)
	

	
	12m
	-0.0157
	-1.5264***
	1.6536***
	0.5741

	 
	 
	(-1.2427)
	(-3.3530)
	(3.4869)
	 

	EURUSD
	1m
	0.0008**
	-0.8815***
	0.9122***
	0.4592

	
	 
	(2.5213)
	(-17.7054)
	(15.748)
	

	
	3m
	0.0033***
	-1.5418***
	1.3869***
	0.5150

	
	 
	(5.7370)
	(-17.7163)
	(16.4145)
	

	
	12m
	0.0029**
	-2.7433***
	2.8396***
	0.6315

	 
	 
	(2.2195)
	(-9.2416)
	(16.5321)
	 

	GBPUSD
	1m
	-0.0017***
	-0.7328***
	0.6020***
	0.4310

	
	 
	(-3.0942)
	(-18.8017)
	(9.9389)
	

	
	3m
	-0.0010
	-1.0661***
	1.0732***
	0.4931

	
	 
	(-0.8987)
	(-15.5396)
	(8.0704)
	

	
	12m
	-0.0022
	-1.3434***
	1.9356***
	0.5623

	 
	 
	(-0.9180)
	(-7.0672)
	(7.4367)
	 

	USDJPY
	1m
	-0.0055***
	-0.5098***
	0.3489***
	0.5343

	
	 
	(-5.3215)
	(-14.5412)
	(10.4906)
	

	
	3m
	-0.0147***
	-0.8666***
	0.5105***
	0.5443

	
	 
	(-6.4663)
	(-10.7006)
	(7.4530)
	

	
	12m
	-0.0301***
	-1.4859***
	1.2319***
	0.5932

	
	
	(-3.8769)
	(-5.7840)
	(5.5814)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (8). Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
When comparing the models based on the information from table 15, it becomes clear that the model which makes a distinction between carry traders and UIP traders is a valuable extension to the basic model, as it performs much better than the basic model in all cases. 

Table 15 Performance of the models – interest trading

	Interest traders

	
	 
	Basic
	UIP & Carry

	 
	 
	adj R²
	AIC
	adj R²
	AIC

	EURJPY
	1m
	0.0434
	-4.9561
	0.5617
	-5.7364*

	
	3m
	0.0920
	-4.1073
	0.5812
	-4.8812*

	 
	12m
	0.2336
	-3.1416
	0.5741
	-3.7290*

	EURUSD
	1m
	0.0914
	-5.0750
	0.4592
	-5.5937*

	
	3m
	0.1737
	-4.2646
	0.5150
	-4.7973*

	 
	12m
	0.3852
	-3.2844
	0.6315
	-3.7962*

	GBPUSD
	1m
	0.0620
	-5.1277
	0.4310
	-5.6275*

	
	3m
	0.1250
	-4.3156
	0.4931
	-4.8614*

	 
	12m
	0.3372
	-3.5229
	0.5623
	-3.9377*

	USDJPY
	1m
	0.0901
	-4.8125
	0.5343
	-5.4822*

	
	3m
	0.1521
	-3.9949
	0.5443
	-4.6158*

	
	12m
	0.3421
	-3.0076
	0.5932
	-3.4883*


Outperformance of the basic model is denoted by *.
5.4 Heterogeneity: combined model
By estimating Equation (9) on the full panel we try to discover whether institutional investors indeed use the simple rules of thumb suggested by the heterogeneous agents literature: extrapolative (chartist) and regressive (fundamentalist). For a better empirical application of the model to the foreign exchange market we also add the interest differential as an explanatory variable. Combining all the strategies in one model reduces the risk of omitted variable bias. Results are displayed in Table 16.
Table 16 Results heterogeneity – basic model

	 Heterogeneity - basic

	 
	 
	c
	extrapolative
	regressive
	uip/carry
	adj R²

	EURJPY
	1m
	-0.0229***
	-0.3792***
	0.0271***
	-0.6667***
	0.2470

	
	
	(-4.8818)
	(-19.5760)
	(2.8610)
	(-4.0962)
	

	
	3m
	-0.0888***
	-0.1598***
	0.1322***
	-2.6933***
	0.1472

	
	
	(-7.7750)
	(-5.2730)
	(5.7858)
	(-6.8163)
	

	
	12m
	-0.1510***
	-0.027
	0.2458***
	-3.5286***
	0.2587

	 
	 
	(-5.8486)
	(-0.4129)
	(3.5912)
	(-4.5714)
	 

	EURUSD
	1m
	-0.0634***
	0.2534***
	0.5767***
	-0.1721***
	0.2135

	
	
	(-12.6704)
	(15.0399)
	(15.9378)
	(-3.5523)
	

	
	3m
	0.0183**
	0.1154***
	0.2986***
	-0.0563
	0.2086

	
	
	(-2.4730)
	(5.0013)
	(6.6323)
	(-0.6539)
	

	
	12m
	0.0379***
	0.006
	0.3391***
	0.7167***
	0.4728

	
	
	(3.0587)
	(0.1766)
	(4.6246)
	(2.64230
	

	GBPUSD
	1m
	-0.2618***
	0.2792***
	0.5025***
	-0.0892
	0.2000

	
	
	(-13.5874)
	(13.5712)
	(13.6436)
	(-1.5873)
	

	
	3m
	-0.0729***
	0.0870***
	0.2018***
	0.0228
	0.1475

	
	
	(-2.8698)
	(3.2592)
	(4.2384)
	(0.1985)
	

	
	12m
	0.0065
	0.0486
	0.3321***
	0.2226
	0.4351

	 
	 
	(-0.1738)
	(1.2888)
	(5.3225)
	(0.9751)
	 

	USDJPY
	1m
	0.0092**
	-0.4506***
	-0.0515***
	0.2550***
	0.3639

	
	
	(2.2127)
	(-22.9354)
	(-4.3519)
	(3.3461)
	

	
	3m
	0.0088
	-0.3440***
	-0.0958***
	0.3957***
	0.2835

	
	
	(1.0641)
	(-12.1936)
	(-3.8086)
	(2.6790)
	

	
	12m
	0.0149
	-0.2914***
	-0.2540***
	0.9923**
	0.4151

	
	
	(0.7153)
	(-5.4703)
	(-5.1410)
	(2.1231)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (9). The full panel is used for this estimation. Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
The extrapolative and regressive strategies are significant on a 1% level for all exchange rates and nearly all horizons. The regressive, or fundamental, rule is significant for all horizons. The sign of this strategy is as expected for three out of four currencies, therefore stabilizing the exchange rate for those currencies. The fundamental rule shows destabilizing behavior for the USDJPY exchange rate. The extrapolative, or chartist, strategy shows stabilizing behavior for the Japanese yen against the euro and the US dollar. We can find bandwagon effects for the US dollar against the euro and the pound sterling. A strong pattern is observable for the significance of the chartist rule over forecast horizons. The results clearly show that extrapolation becomes weaker and less significant for longer forecast horizons. For the 12 month horizon, three out of four exchange rates do not reveal extrapolative expectations anymore. For these horizons investors believe in UIP for two currencies. The EURJPY is dominated by carry trade, as this coefficient is negative and significant for all horizons.

Numbers can be interpreted as follows: the coefficient of 0.2534 for the EURUSD one month horizon extrapolative strategy means that speculators expect 25% of the past period price movement to continue in the coming month. The EURJPY 12 month regressive coefficient of 0.2458 indicates that investors believe that after 12 months, the deviation from the fundamental value is reduced by 25%. 

Table 17 Results heterogeneity – sophisticated model
	Heteroneity - incl dummies

	 
	 
	c
	bandwagon
	contrarian
	regressive
	carry
	uip
	adj R²

	EURJPY
	1m
	-0.011248***
	0.059165**
	-0.314531***
	0.009731*
	-0.744831***
	 0.044705
	0.6118

	
	
	(-3.7337)
	(2.5517)
	(-18.9996)
	(1.6713)
	(-6.8049)
	(0.4362)
	

	
	3m
	-0.033582***
	0.073236**
	-0.150306***
	0.041707***
	-1.785006***
	-0.243517
	0.5901

	
	
	(-4.3854)
	(2.4584)
	(-6.2456)
	(2.901013)
	(-6.7831)
	(-0.9158)
	

	
	12m
	-0.090849***
	0.181198**
	-0.093770**
	0.126403***
	-3.585304***
	-1.062686
	0.5879

	
	
	(-4.7620)
	(2.0657)
	(-2.3346)
	(3.4805)
	(-6.1394)
	(-1.5889)
	

	EURUSD
	1m
	-0.032275***
	0.147338***
	0.106511***
	0.286166***
	-0.287894***
	0.170908***
	0.5798

	
	
	(-10.6719)
	(14.4661)
	(10.6858)
	(13.1347)
	(-5.9297)
	(2.9341)
	

	
	3m
	-0.007908*
	0.084359***
	0.017651
	0.134920***
	-0.542308***
	0.379191***
	0.6065

	
	
	(-1.9035)
	(6.2810)
	(1.2517)
	(4.5900)
	(-5.6505)
	(3.7391)
	

	
	12m
	0.024904***
	0.063069***
	-0.053052***
	0.189292***
	-1.210606***
	0.803977***
	0.7175

	 
	 
	(3.2203)
	(3.1785)
	(-2.7447)
	(4.5174)
	(-4.0741)
	(3.0124)
	 

	GBPUSD
	1m
	-0.123471***
	0.139596***
	0.122328***
	0.234073***
	-0.204987***
	0.114613***
	0.6082

	
	
	(-10.4683)
	(11.1418)
	(9.7418)
	(10.5688)
	(-5.7674)
	(1.8262)
	

	
	3m
	-0.041041***
	0.058667***
	0.031980**
	0.092021***
	-0.348834***
	0.346565**
	0.6182

	
	
	(-2.9242)
	(3.8992)
	(2.1464)
	(3.5153)
	(-5.6484)
	(2.4734)
	

	
	12m
	-0.031858
	0.070410***
	0.024435
	0.161648***
	-0.361567**
	0.427551*
	0.6988

	 
	 
	(-1.2575)
	(2.7481)
	(0.9356)
	(3.9987)
	(-2.2364)
	(1.8702)
	 

	USDJPY
	1m
	0.003647
	0.045613**
	-0.428353***
	-0.025013***
	-0.124861**
	0.354082***
	0.6392

	
	
	(1.31924
	(1.9747)
	(-23.5978)
	(-3.3863)
	(-2.5096)
	(6.2542)
	

	
	3m
	-0.002287
	 -0.028608
	-0.324410***
	-0.042148***
	-0.493981***
	0.551444***
	0.5913

	
	
	(-0.4339)
	(-0.8535)
	(-17.0731)
	(-2.8307)
	(-4.7546)
	(5.5714)
	

	
	12m
	0.006061
	0.053343
	-0.327808***
	-0.168536***
	-0.761501**
	1.266500***
	0.6383

	
	 
	(0.4347)
	(1.1025)
	(-7.2755)
	(-6.3084)
	(-2.2499)
	(3.6908)
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating Equation (10). The full panel is used for this estimation. Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
When regressing the strategies separately on the expectations, we saw that there were two main improvements in the models. Distinguishing between bandwagon and contrarian expectations in the chartist model and distinguishing between carry and UIP traders in the interest model increased the fit of those models. Therefore it seems appropriate to include these improvements in the combined model as well. Table 17 presents the results of regressing Equation (10). 

The results we find are comparable to the regressions of the separate strategies and the regression of the combined model. In general, bandwagon and contrarian effects seem to decrease for longer forecasting horizons. The signs we find for bandwagon are as expected, but for contrarian we find significant positive coefficients for the EURUSD 1m and the GBPUSD 1m and 3m expectations. This can be caused by the fact that these exchange rates only showed positive log returns for the sample period, which could have had an influence on the sentiment of investors. The regressive model shows the expected sign for 3 out of 4 currencies. For these currencies, the fundamental expectations are stabilizing. Only the EURJPY shows a negative sign, which can be explained by the constant undervaluation of this exchange rate. In case a currency is constantly undervalued, investors might adapt their expectations and lose their faith in mean reversion of the exchange rate. For carry and UIP trade we find the expected signs for all significant coefficients.
The results are compared based on the information from Table 18. Both the improved R-squared and Akaike Information Criterion show us that adding the dummies improves the model.

Table 18 Performance of the models – combined model

	Combined model

	
	 
	Basic
	Sophisticated

	 
	 
	adj R²
	AIC
	adj R²
	AIC

	EURJPY
	1m
	0.2470
	-5.1951
	0.6118
	-5.8573*

	
	3m
	0.1472
	-4.1698
	0.5901
	-4.9021*

	 
	12m
	0.2587
	-3.1746
	0.5879
	-3.7614*

	EURUSD
	1m
	0.2135
	-5.2190
	0.5798
	-5.8455*

	
	3m
	0.2086
	-4.3075
	0.6065
	-5.0059*

	 
	12m
	0.4728
	-3.4379
	0.7175
	-4.0615*

	GBPUSD
	1m
	0.2000
	-5.2866
	0.6082
	-6.0001*

	
	3m
	0.1475
	-4.3414
	0.6182
	-5.1445*

	 
	12m
	0.4351
	-3.6824
	0.6988
	-4.3108*

	USDJPY
	1m
	0.3639
	-5.1702
	0.6392
	-5.7371*

	
	3m
	0.2835
	-4.1630
	0.5913
	-4.7240*

	
	12m
	0.4151
	-3.1250
	0.6383
	-3.6053*


Outperformance of the basic model is denoted by *.
Estimating the combined model on individual investors
 allows us to distinguish model and coefficient heterogeneity at the same time. In case of model heterogeneity, investors are fundamentally different from each other in the sense that they use different models in order to form expectations. Coefficient heterogeneity is somewhat more subtle, allowing agents to use multiple models and give different weights to these models when forecasting. 

Table 19 Combined model – individual regressions 

% of investors with significant coefficients:

	Individual regression: % of significant results

	
	 
	c
	extrapolative
	regressive
	uip/carry

	EURJPY
	1m
	22.45%
	95.92%
	26.53%
	26.53%

	
	3m
	38.78%
	53.06%
	42.86%
	36.73%

	 
	12m
	34.69%
	67.35%
	51.02%
	36.73%

	EURUSD
	1m
	75.51%
	83.67%
	89.80%
	40.82%

	
	3m
	48.98%
	46.94%
	48.98%
	38.78%

	 
	12m
	40.82%
	34.69%
	53.06%
	46.94%

	GBPUSD
	1m
	79.59%
	79.59%
	85.71%
	42.86%

	
	3m
	46.94%
	44.90%
	48.98%
	38.78%

	 
	12m
	34.69%
	40.82%
	55.10%
	36.73%

	USDJPY
	1m
	32.65%
	95.92%
	48.98%
	44.90%

	
	3m
	48.98%
	73.47%
	44.90%
	44.90%

	
	12m
	57.14%
	32.65%
	40.82%
	57.14%


Mean, maximum and minimum of significant coefficients:

	Individual regression: mean, max, min sign. coefficients

	
	 
	mean
	
	 
	maximum
	
	 
	minimum
	
	

	 
	 
	extrapolative
	regressive
	uip/carry
	extrapolative
	regressive
	uip/carry
	extrapolative
	regressive
	uip/carry

	EURJPY
	1m
	-0.3954
	-0.0049
	0.0084
	-0.1695
	0.1471
	0.1534
	-0.8356
	-0.2209
	-0.0711

	
	3m
	-0.2767
	0.1197
	0.0189
	0.3007
	0.6059
	0.1919
	-0.6877
	-0.4337
	-0.1807

	 
	12m
	-0.1798
	0.2469
	-0.0042
	0.7866
	1.1678
	0.1821
	-0.6420
	-0.6820
	-0.4216

	EURUSD
	1m
	0.2985
	0.6577
	-0.0128
	0.5992
	1.6327
	0.0612
	0.1290
	0.2723
	-0.0636

	
	3m
	0.1449
	0.4948
	-0.0182
	0.4953
	0.9264
	0.0802
	-0.7097
	-0.6878
	-0.1851

	 
	12m
	0.0277
	0.4868
	0.0306
	0.8172
	1.5642
	0.1899
	-0.6274
	-1.1221
	-0.1270

	GBPUSD
	1m
	0.3191
	0.6042
	-0.0052
	0.6393
	1.8135
	0.0421
	0.1235
	0.2212
	-0.0329

	
	3m
	0.1227
	0.2905
	0.0023
	0.3365
	0.6571
	0.0779
	-0.3624
	-0.3459
	-0.0199

	 
	12m
	0.0655
	0.2050
	-0.0041
	0.4535
	1.4161
	0.0850
	-0.1884
	-0.3774
	-0.0296

	USDJPY
	1m
	-0.4340
	-0.0474
	0.0052
	-0.1423
	0.1407
	0.0293
	-0.6603
	-0.2987
	-0.0264

	
	3m
	-0.4050
	-0.0581
	0.0052
	-0.1072
	0.5275
	0.0434
	-0.8032
	-0.5848
	-0.0340

	
	12m
	-0.4013
	-0.0075
	0.0292
	0.4648
	1.1488
	0.1392
	-1.1104
	-1.5643
	-0.0847


The above tables show the results from estimating Equation (9) with individual time regressions. Only respondents with 40 or more forecasts are included in these estimations.

The results

 do not strongly point to one of the two explanations. In some cases, agents only use one strategy to forecast exchange rates, and this occurs for all strategies. Based on those findings, we would conclude that heterogeneity occurs because there are fundamentally different types of agents, i.e. that there is model heterogeneity. However, quite some agents use multiple strategies, revealed by the significant parameters for different models. The weight that agents give to these strategies differs among agents, revealing coefficient heterogeneity. The tables reveal this in two ways. First of all, there is a relatively large difference between the minimum and maximum coefficients. Secondly, if we add up the percentages of investors with significant coefficients per currency and forecast horizon, this adds up to more than 100%, indicating that some investors use multiple strategies. Therefore, based on these individual results, we can conclude that heterogeneity is caused by the use of different models, and by assigning different weights to these models by individual agents.

5.5 Time variation and switching
Until now we have assumed that agents assign non-time varying weights to their forecasting strategy. In this section we will change this by estimating Equations (10)-(12) on the mean expectations using quasi maximum likelihood. To be able to test the added value of the switching rule, we estimate the model with static weights (Equation (9) with mean expectations) before we estimate the dynamic model. The added value is then tested by applying a likelihood ratio test and comparing these results with Chi Square probabilities. 

The results of these estimations can be found in Table 20. First we can observe that the results for the non-switching regression with mean expectations do not differ much from the panel regression results that were discussed in section 5.4. This indicates that the mean expectation is a good representation of the combined individual expectations and it is appropriate to use the mean in estimating the weighed function. 

Table 20 Results heterogeneity with mean expectations – basic model without switching

	Mean results - no switching

	 
	 
	c
	extrapolative
	regressive
	uip/carry

	EURJPY
	1m
	-0.0256***
	-0.3332***
	0.0318***
	-0.7646***

	
	
	(-3.9418)
	(-9.2369)
	(2.7332)
	(-3.4182)

	
	3m
	-0.0860***
	-0.0719
	0.1285***
	-2.5788***

	
	
	(-5.7352)
	(-1.2477)
	(4.8651)
	(-5.0326)

	
	12m
	-0.1710***
	0.1833**
	0.3268***
	-3.7496***

	
	
	(-5.0168)
	(2.2180)
	(6.4275)
	(-3.0414)

	EURUSD
	1m
	-0.0627***
	0.2377***
	0.5177***
	-0.0826

	
	
	(-9.0919)
	(9.5600)
	(9.4451)
	(-0.9517)

	
	3m
	-0.0136
	0.0933**
	0.2435***
	-0.0090

	
	
	(-1.2511)
	(2.4572)
	(3.0706)
	(-0.0590)

	
	12m
	0.0357***
	0.0291
	0.3951***
	0.5108

	 
	 
	(3.2042)
	(0.6782)
	(4.1126)
	(1.5909)

	GBPUSD
	1m
	-0.2542***
	0.2714***
	0.4910***
	-0.1039

	
	
	(-10.0584)
	(9.9669)
	(9.4703)
	(-1.5328)

	
	3m
	-0.0659*
	0.0805**
	0.1977***
	0.0046

	
	
	(-1.7902)
	(2.0777)
	(2.8006)
	(0.0314)

	
	12m
	-0.0486**
	0.0906***
	0.3954***
	0.0591

	 
	 
	(-1.9294)
	(3.5538)
	(9.8241)
	(0.4137)

	USDJPY
	1m
	0.0069
	-0.4301***
	-0.0461***
	0.2078**

	
	
	(1.5268)
	(-16.0578)
	(-3.6103)
	(2.5833)

	
	3m
	0.0161
	-0.3106***
	-0.1202***
	0.4874**

	
	
	(1.4569)
	(-7.1814)
	(-3.9132)
	(2.4475)

	
	12m
	0.0408***
	-0.2694***
	-0.3218***
	1.3997***

	
	
	(2.7094)
	(-4.8339)
	(-6.4816)
	(4.3507)


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating equation (11) on mean expectations. Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
The results of estimating the weighed function are found in Table 21. By comparing the estimated coefficients from the static weighing and the dynamic weighing model we can see that the coefficients are of the same sign under the different models, and are of similar magnitude after accounting for the weighing function
. Therefore, the interesting aspects here are the intensity of choice parameter ρ (‘switching’), and the weights assigned to the strategies. 

Table 21 Results heterogeneity with mean expectations – basic model with switching
	Mean results - switching

	 
	 
	c
	extrapolative
	regressive
	uip/carry
	switching
	LL
	LL no sw
	2dLL

	EURJPY
	1m
	-0.0201***
	-1.1608***
	0.0884***
	-1.3364***
	6.3019*
	731.2547
	728.0357
	6.4380**

	
	
	(-4.2442)
	(-10.1966)
	(2.6520)
	(-3.2415)
	(1.8692)
	
	
	

	
	3m
	-0.0760***
	-0.2386
	0.4046***
	-5.7345*
	1.2508
	607.5139
	607.0778
	0.8722

	
	
	(-3.9124)
	(-1.1192)
	(4.5498)
	(-1.9489)
	(0.4828)
	
	
	

	
	12m
	-0.1451***
	0.4439
	1.0108***
	-6.1753**
	2.5444
	510.3837
	499.6836
	21.4002***

	 
	 
	(-4.2262)
	(1.2726)
	(4.3761)
	(-2.0460)
	(1.3468)
	 
	 
	 

	EURUSD
	1m
	-0.0879***
	1.0328***
	1.5973***
	-0.7977***
	-0.2722***
	700.8171
	686.2083
	29.2176***

	
	
	(-9.7613)
	(9.8636)
	(10.4521)
	(-3.2592)
	(-4.2833)
	
	
	

	
	3m
	-0.0257**
	0.4631***
	0.6198***
	-0.4491
	-1.2549*
	600.1678
	596.0562
	8.2232***

	
	
	(-2.0062)
	(2.6261)
	(2.8945)
	(-0.8329)
	(-1.7187)
	
	
	

	
	12m
	0.0368***
	1.0295***
	0.5292***
	1.3132***
	-7.5988***
	580.8605
	535.6001
	90.5208***

	 
	 
	(3.3314)
	(3.0370)
	(15.0141)
	(2.7627)
	(-2.6183)
	 
	 
	 

	GBPUSD
	1m
	-0.2443***
	0.7689***
	1.5294***
	-0.3130
	0.0426
	729.1925
	728.9175
	0.5500

	
	
	(-8.8737)
	(7.7992)
	(8.5008)
	(-1.5156)
	(0.6509)
	
	
	

	
	3m
	-0.056241
	0.2020*
	0.6782**
	0.0322
	0.4702
	625.5051
	625.3014
	0.4074

	
	
	(-1.5381)
	(1.7639)
	(2.0125)
	(0.0686)
	(0.4720)
	
	
	

	
	12m
	0.2360**
	1.4459**
	0.7576***
	0.1033
	-0.5147***
	670.5257
	658.5809
	23.8896***

	 
	 
	(-2.1179)
	(1.9802)
	(9.4678)
	(0.3621)
	(-2.9535)
	 
	 
	 

	USDJPY
	1m
	0.0069
	-1.3013***
	-0.1377***
	0.6199**
	-0.2067
	728.7084
	728.6995
	0.0178

	
	
	(1.5243)
	(-13.7173)
	(-3.5822)
	(2.5371)
	(-0.1033)
	
	
	

	
	3m
	0.0186*
	-1.2377***
	-0.3327***
	1.4587***
	-2.9907*
	595.2054
	592.8619
	4.6870**

	
	
	(1.6590)
	(-4.9414)
	(-4.0419)
	(2.7942)
	(-1.8272)
	
	
	

	
	12m
	0.0518***
	-1.1045***
	-0.8520***
	4.3001***
	-1.9966***
	502.9188
	496.6018
	12.6340***

	
	
	(3.3695)
	(-4.5585)
	(-6.6614)
	(5.8584)
	(-3.1193)
	
	
	


The table above presents coefficient estimates and t-statistics (in parenthesis) from estimating equation (12) on mean expectations. Significance is listed as ***, **, * for significance on 1%, 5% or 10% level respectively.
The intensity of choice parameter is significant and negative for three out of four exchange rates. This means that investors in these markets switch to the rule that generated the lowest forecast error in the previous period. The positive switching parameter of the EURJPY rate suggests that investors in this market switch to the rule that generated the largest forecast error in the previous period.
 A likelihood ratio test tells us whether allowing for switching in the model adds any value to the model with static weights. This is useful since the intensity of choice parameter is sometimes insignificant due to the non-linear character of the switching (Terasvirta (1994). The results of this test can be found in the last column of Table 21. The outcome of this test can be compared to a Chi Square distribution to find out whether the log likelihood of the elaborate model is significantly higher than that of the nested model. This is the case for most exchange rates. For the 12 month horizon, the likelihood ratio test shows us that the dynamic weighing model performs significantly better for all exchange rates, indicating that changing strategy becomes more important as the horizon increases.

We can see the evolution of weights in Figure 2. The graphs show variation in the weights for most of the currencies and horizons. Switching seems to be stronger for the long horizons, which is in line with the larger and more significant switching parameter we found for the 12 month horizon. While the fundamentalist rule has lost popularity for the EURJPY rate in the last few years, it has increasingly been used for the EURUSD and the GBPUSD. 

Figure 2 Estimated Weights 
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The descriptive statistics of the weights are displayed in Table 22. We can see that in most cases the weight assigned to the chartist forecasting rule declines as the forecast horizon increases. The opposite occurs for the fundamentalist forecasting rule. This is completely in line with theory, since it is assumed that chartism especially occurs at short horizons, and forecasting based on fundamentals is more applied for longer horizons. We can also see that the standard deviation of the weights is increasing with the forecasting horizon.

	Dynamic weighing

	
	 
	mean
	maximum
	minimum
	st. dev

	 
	 
	chart
	fund
	interest
	chart
	fund
	interest
	chart
	fund
	interest
	chart
	fund
	interest

	EURJPY
	1m
	0.300
	0.321
	0.379
	0.436
	0.371
	0.459
	0.224
	0.235
	0.308
	0.038
	0.026
	0.028

	
	3m
	0.307
	0.322
	0.371
	0.312
	0.346
	0.406
	0.294
	0.289
	0.348
	0.003
	0.018
	0.017

	 
	12m
	0.276
	0.331
	0.393
	0.323
	0.457
	0.498
	0.225
	0.192
	0.315
	0.023
	0.078
	0.058

	EURUSD
	1m
	0.302
	0.355
	0.343
	0.333
	0.380
	0.345
	0.277
	0.328
	0.339
	0.012
	0.011
	0.001

	
	3m
	0.274
	0.374
	0.352
	0.337
	0.423
	0.359
	0.224
	0.321
	0.341
	0.023
	0.021
	0.004

	 
	12m
	0.063
	0.561
	0.376
	0.496
	0.716
	0.463
	0.001
	0.202
	0.283
	0.112
	0.122
	0.043

	GBPUSD
	1m
	0.343
	0.327
	0.330
	0.346
	0.330
	0.330
	0.340
	0.324
	0.330
	0.002
	0.002
	0.000

	
	3m
	0.364
	0.310
	0.325
	0.375
	0.326
	0.327
	0.352
	0.298
	0.323
	0.006
	0.007
	0.001

	 
	12m
	0.172
	0.426
	0.402
	0.217
	0.453
	0.409
	0.142
	0.389
	0.393
	0.019
	0.016
	0.004

	USDJPY
	1m
	0.332
	0.334
	0.330
	0.337
	0.337
	0.330
	0.328
	0.332
	0.330
	0.002
	0.001
	0.000

	
	3m
	0.297
	0.357
	0.346
	0.382
	0.431
	0.398
	0.227
	0.292
	0.293
	0.030
	0.033
	0.024

	
	12m
	0.267
	0.370
	0.363
	0.348
	0.470
	0.416
	0.208
	0.276
	0.311
	0.030
	0.056
	0.032


Table 22 Descriptive statistics weights

Finally, it would be interesting to see between which strategies most switching takes place. We can evaluate this by looking at the correlations between the weights of the different strategies. The results are shown in table 23. For all currencies and horizons we find a negative correlation between chartists and fundamentalism, so the switching especially occurs between these strategies. Switching between the other strategies is not that straightforward. On the short term switching also seems to occur between chartists and interest traders. However, on the long term agents particularly switch between fundamentalists and interest traders. 

Table 23 Correlations between strategies

	Intra-currency correlations

	 
	 
	chart-fund
	chart-int
	int-fund

	EURJPY
	1m
	-0.670
	-0.720
	-0.032

	
	3m
	-0.394
	0.215
	-0.982

	 
	12m
	-0.909
	0.828
	-0.986

	EURUSD
	1m
	-0.996
	-0.696
	0.625

	
	3m
	-0.988
	-0.599
	0.471

	 
	12m
	-0.935
	0.041
	-0.393

	GBPUSD
	1m
	-0.998
	0.101
	-0.164

	
	3m
	-0.997
	0.874
	-0.908

	 
	12m
	-0.988
	-0.777
	0.671

	USDJPY
	1m
	-0.788
	-0.430
	0.464

	
	3m
	-0.696
	-0.287
	-0.489

	
	12m
	-0.894
	0.621
	-0.907


CHAPTER 6 Conclusion 
In this paper we have used survey expectations for four exchange rates in order to evaluate the way in which investors form their expectations. To do this, we have followed the heterogeneous agents literature, and have tested three different strategies on the disaggregated expectations, namely chartist, fundamentalist and interest trading strategies. The chartist strategy has been divided into bandwagon and contrarian expectations, and the interest trading strategy has been divided into UIP and carry trade expectations. These extensions to the basic models have shown to be a valuable improvement of the models. After testing the strategies separately and in a combined model, both using panel data, mean expectations were taken to see whether agents switch between strategies over time.


We have retrieved significant results for all strategies, both when tested separately and when tested in a combined model. This implies that investors use trend extrapolation, fundamental exchange rates and interest rates in forming their expectations. Trend extrapolation especially occurs for short horizons, while the deviation from the fundamental value is more common for longer horizons. The interest differential is used on all horizons, but mostly for long horizon forecasting. Interestingly, there are also differences in expectations within different strategies. Some people expect past trends to continue and therefore positively extrapolate past returns into future forecasts. Other investors expect past trends to revert. Besides that, there are investors who use the interest differential as a tool for carry trade, i.e. they expect an appreciation for the currency of the high interest rate country, and there are investors who belief in UIP and therefore expect a depreciation for the currency of the high interest rate country. Furthermore, a long history of positive returns seems to influence investors when forming their expectations, making them more vulnerable to bandwagon expectations. A long history of undervaluation of an exchange rate can cause a loss of faith in reversion to the fundamental value.

Not only do the investors use different strategies to form their expectations, they also change the weights they assign to these strategies based on the past forecasting accuracy of the strategies. The weight assigned to the chartist strategy decreases for longer horizons, while investors put more weight on the fundamental strategy in this case. Investors switch more for longer forecasting horizons. Switching mainly occurs between chartists and fundamentalists, on all horizons. 

The results we presented in this paper are on the one hand a strong confirmation of theoretical statements and empirical findings from the heterogeneous agents literature. On the other hand, it is an extension to the literature since we have shown that there is also important heterogeneity within the strategies. Future research could further investigate this heterogeneity and its implications for exchange rates. It would also be interesting to see whether these findings also apply to other asset classes. Furthermore, applying the model to different time periods, zooming in on different crises, could provide us a better insight in the effect of heterogeneity and switching on crises and vice versa.
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Table 4
Table 4 – Forecast Error ranks

	 
	eurjpy1m
	eurjpy3m
	eurjpy12m
	eurusd1m
	eurusd3m
	eurusd12m

	rank
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp

	1
	61
	2
	61
	2
	25
	11
	61
	2
	57
	5
	25
	11

	2
	60
	7
	60
	7
	57
	5
	50
	11
	50
	11
	61
	2

	3
	59
	7
	59
	7
	32
	21
	1
	7
	1
	7
	38
	21

	4
	1
	7
	32
	21
	17
	15
	53
	89
	53
	89
	35
	96

	5
	50
	11
	25
	11
	2
	47
	49
	102
	40
	158
	50
	11

	6
	48
	23
	40
	158
	48
	23
	55
	62
	51
	110
	59
	7

	7
	43
	149
	48
	23
	38
	21
	40
	158
	49
	102
	2
	47

	8
	41
	154
	21
	55
	21
	55
	41
	154
	14
	17
	58
	25

	9
	rw
	 
	rw
	 
	1
	7
	45
	147
	26
	159
	4
	141

	10
	40
	158
	51
	110
	23
	41
	26
	159
	3
	103
	5
	216

	11
	39
	159
	44
	145
	6
	180
	27
	169
	56
	58
	26
	159

	12
	57
	5
	43
	149
	rw
	 
	57
	5
	17
	15
	40
	158

	13
	49
	102
	58
	25
	61
	2
	rw
	 
	44
	145
	43
	149

	14
	45
	147
	20
	166
	5
	216
	51
	110
	43
	149
	51
	110

	15
	20
	166
	35
	96
	43
	149
	44
	145
	20
	166
	6
	180

	16
	36
	161
	7
	88
	49
	102
	58
	25
	33
	133
	23
	41

	17
	47
	83
	41
	154
	16
	67
	20
	166
	41
	154
	29
	146

	18
	51
	110
	27
	169
	8
	211
	47
	83
	27
	169
	16
	67

	19
	44
	145
	45
	147
	41
	154
	29
	146
	29
	146
	8
	211

	20
	35
	96
	18
	160
	47
	83
	28
	168
	rw
	 
	30
	152

	21
	53
	89
	22
	142
	7
	88
	19
	165
	55
	62
	10
	202

	22
	28
	168
	56
	58
	20
	166
	54
	67
	54
	67
	42
	146

	23
	4
	141
	49
	102
	44
	145
	3
	103
	19
	165
	9
	174

	24
	18
	160
	39
	159
	10
	202
	46
	133
	47
	83
	13
	200

	25
	22
	142
	23
	41
	30
	152
	36
	161
	42
	146
	20
	166

	26
	12
	181
	34
	164
	35
	96
	42
	146
	23
	41
	46
	133

	27
	55
	62
	28
	168
	45
	147
	39
	159
	61
	2
	32
	21

	28
	42
	146
	12
	181
	4
	141
	56
	58
	22
	142
	rw
	 

	29
	24
	148
	24
	148
	40
	158
	14
	17
	46
	133
	39
	159

	30
	8
	211
	53
	89
	34
	164
	35
	96
	4
	141
	60
	7

	31
	34
	164
	47
	83
	12
	181
	43
	149
	35
	96
	41
	154

	32
	5
	216
	36
	161
	39
	159
	48
	23
	58
	25
	44
	145

	33
	21
	55
	30
	152
	51
	110
	18
	160
	52
	97
	18
	160

	34
	46
	133
	6
	180
	22
	142
	34
	164
	31
	168
	47
	83

	35
	13
	200
	10
	202
	14
	17
	52
	97
	45
	147
	19
	165


	 
	gbpusd1m
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	gbpusd12m
	usdjpy1m
	usdjpy3m
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	rank
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp
	investor
	no. Resp

	1
	61
	2
	57
	5
	38
	21
	rw
	 
	rw
	 
	25
	11

	2
	60
	7
	55
	62
	57
	5
	61
	2
	2
	47
	rw
	 

	3
	57
	5
	53
	89
	32
	21
	2
	47
	38
	21
	61
	2

	4
	59
	7
	46
	133
	25
	11
	57
	5
	1
	7
	14
	17

	5
	50
	11
	9
	174
	35
	96
	1
	7
	49
	102
	32
	21

	6
	56
	58
	52
	97
	16
	67
	49
	102
	14
	17
	17
	15

	7
	54
	67
	23
	41
	23
	41
	50
	11
	27
	169
	49
	102

	8
	55
	62
	18
	160
	9
	174
	13
	200
	42
	146
	15
	159

	9
	40
	158
	54
	67
	2
	47
	44
	145
	43
	149
	53
	89

	10
	41
	154
	16
	67
	39
	159
	12
	181
	53
	89
	43
	149

	11
	51
	110
	35
	96
	4
	141
	40
	158
	56
	58
	6
	180

	12
	rw
	 
	38
	21
	5
	216
	36
	161
	60
	7
	41
	154

	13
	53
	89
	36
	161
	17
	15
	28
	168
	50
	11
	56
	58

	14
	45
	147
	50
	11
	47
	83
	41
	154
	44
	145
	28
	168

	15
	43
	149
	47
	83
	50
	11
	27
	169
	41
	154
	44
	145

	16
	39
	159
	51
	110
	48
	23
	45
	147
	13
	200
	27
	169

	17
	14
	17
	1
	7
	14
	17
	43
	149
	51
	110
	33
	133

	18
	1
	7
	19
	165
	10
	202
	42
	146
	12
	181
	54
	67

	19
	26
	159
	39
	159
	30
	152
	56
	58
	15
	159
	12
	181

	20
	31
	168
	24
	148
	46
	133
	20
	166
	40
	158
	10
	202

	21
	27
	169
	22
	142
	41
	154
	38
	21
	36
	161
	19
	165

	22
	49
	102
	25
	11
	26
	159
	53
	89
	61
	2
	50
	11

	23
	28
	168
	48
	23
	20
	166
	55
	62
	32
	21
	2
	47

	24
	48
	23
	6
	180
	8
	211
	39
	159
	33
	133
	51
	110

	25
	42
	146
	41
	154
	45
	147
	16
	67
	16
	67
	8
	211

	26
	19
	165
	13
	200
	29
	146
	8
	211
	57
	5
	13
	200

	27
	20
	166
	rw
	 
	49
	102
	4
	141
	46
	133
	39
	159

	28
	23
	41
	49
	102
	6
	180
	19
	165
	55
	62
	55
	62

	29
	44
	145
	20
	166
	61
	2
	11
	200
	59
	7
	45
	147

	30
	18
	160
	11
	200
	28
	168
	48
	23
	28
	168
	5
	216

	31
	46
	133
	44
	145
	40
	158
	7
	88
	10
	202
	18
	160

	32
	47
	83
	40
	158
	24
	148
	10
	202
	39
	159
	40
	158

	33
	30
	152
	27
	169
	21
	55
	22
	142
	3
	103
	37
	147

	34
	7
	88
	10
	202
	13
	200
	51
	110
	22
	142
	42
	146

	35
	36
	161
	21
	55
	18
	160
	9
	174
	8
	211
	36
	161
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�E.g.: � HYPERLINK "http://www.rtlz.nl" �www.rtlz.nl�; � HYPERLINK "http://www.fxweek.com" �www.fxweek.com�; � HYPERLINK "http://www.moneyweek.com" �www.moneyweek.com�; www.bloomberg.com. There are even sentiment indices, like the Daily Sentiment Index (DSI) or the Speculative Sentiment Index (SSI).


� In order to build a bridge between the various strands of behavioral finance literature these different names will be interchangeably used throughout this thesis. 


� For example, Fama and French (1996) have built a three factor model to explain size and value effects.


� A study from De Bondt (1991) revealed that even economists are not that rational as they assumed others to be. He showed that they “lack predictive power for the direction and and the magnitude of stock market prices”.


� In ‘Expectation Formation and Risk in Three Financial Markets: Surveying what the Surveys Say’ (2000) MacDonald “attempts to provide a logical overview of the literature which exploits survey data to examine issues of expectations formation and risk aversion in financial markets”.


� Also see Hommes (2006) for an extensive overview of the heterogeneous agents theory.


� Spot exchange rates: WM Reuters. Interbank rates: British Bankers’ Association. PPP rates: OECD.


� Since this is the period mean statistic from the cross-sectional mean expectations it is actually a cross-sectional period mean.


� Although the central bank from Japan does not openly intervene in the foreign exchange market, it is widely known that Japan heavily depends on export and therefore benefits from a low currency. Besides that, Asian central banks are extremely careful after the Asian crisis, therefore keeping large stocks of dollars.


� Only the mean of the forecast errors of the USDJPY was not significantly different from zero for the 1 month horizon.


� In order to keep this paper readable, we have made an exception for table 4 to show it at the end of the paper.


� Interestingly, we see that for the 1 month USDJPY forecasts, the random walk performed best while in the simple zero-mean test for the forecast errors we could see that the null of zero mean forecast errors could not be rejected for this currency and horizon. Apparently, although the investors perform poorly, this does not seem to have a significant effect on the market because their errors even out.


� In the results section, we will also see that the basic model performs relatively well compared to the non-linear and asymmetric models.


� A likelihood ratio test showed that the null hypothesis of redundant fixed effects was rejected. A Hausman test revealed the redundancy of random effects. Therefore, a model with fixed effects was appropriate. 


� Except for the 1m GBPUSD, yet this coefficient is not significant.


� Except for the 12m USDJPY and EURJPY coefficients. The rest of the coefficients are significantly different from each other with probability 90% or higher. 


� We cannot display asymmetric results for the USDJPY, since this exchange rate has been lower than its fundamental value for the full sample.


� The regression on individual investors was performed only for investors with 40 or more forecasts.


� Since publishing all individual coefficients for all currencies and horizons in this work would almost double the amount of pages, these results are available upon request. Instead, we only publish the mean, maximum and minimum of the significant coefficients, and we show the percentage of the population with significant coefficients for certain strategies.


� For the sake of robustness, the estimation of the combined model has only been done for investors with 40 or more forecasts.


� Since, the static model was estimated as � instead of as � with � QUOTE � ��� = � QUOTE � ��� = � QUOTE � ���, accounting for the weighing function means multiplying all static coefficients with 3.
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