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1. Introduction

Metals are crucial imported input factors for many industrialized countries, and they

are a major source of export revenues for some developing countries. Large swings in

metal prices can have a large impact on the terms of trade. Corporate managers and

policymakers, therefore, closely track changes in metal prices.1 Moreover, researchers

spend much effort to forecast future price trends. Forecasting future trends in metal

prices, however, has turned out difficult as metal prices have experienced recently

substantial swings and sharp price reversals. The media are full of reports that blame

speculative trading activities and herding of market participants as major sources of

significant price swings and market rallies.2 A natural question is whether such herding

– to the extent that it occurred – was driven by herding of metal-price forecasters.

Forecaster herding arises if forecasters ignore their private information and instead follow

the forecasts of others (Scharfstein and Stein 1990, Froot et al. 1992).

We implement a robust empirical test developed by Bernhardt et al. (2006) to study

whether metal-price forecasters do, in fact, herd. This test is easy to implement, it is

robust to various forms of misspecification, and it delivers results that can easily be

interpreted in economic terms. In order to implement the test, we study more than

20,000 forecasts of nine metal prices, including forecasts of the prices of Gold and Silver.

Forecasts are available at four different forecast horizons for a sample period that covers

more than 15 years of data (1995 – 2011). Across all nine metal prices and all four

forecasting horizons, we do not find signs of forecaster herding. On the contrary, we find

strong evidence of forecaster anti -herding. Our findings are in line with the mounting

evidence of forecaster anti-herding that has been documented in recent literature for the

forecasts of stock analysts (Naujoks et al. 2009), fiscal forecasts (Stadtmann et al. 2011),

1See, for example, the United Nations (2011) report: ”G20 Study Group on Commodities”.

2See, for example, Arends (2010), Schindler (2011), and Monk (2012) for media reports studying
potential fundamental and non-fundamental (bubble and herding) determinants of the gold price.
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and oil-price forecasts (Pierdzioch et al. 2010). To our knowledge, evidence of fore-

caster anti-herding has not been reported in earlier literature for forecasts of metal prices.

Laster et al. (1999) have developed a widely studied model that illustrates why

forecasters anti-herd. In their model, two groups of customers buy forecasts. The

first group of customers buys forecasts regularly. This group is interested in accurate

forecasts and, thus, buys forecasts from a forecaster who has delivered the most accurate

forecasts over a longer time period. The second group of customers, in contrast, buys

forecasts occasionally. This group of customers buys from a forecaster who provided the

best forecast in the last period. The decision to buy forecasts only occasionally may

be a simple heuristic, or it may be the result of a rational benefit-cost analysis. For

example, movements of metal prices may have only a moderate impact on the business

of the second group of customers and the costs of monitoring the accuracy of forecasts

may be higher for this group than for the first group of customers. Because forecasters’

profit function consists of revenues from both groups of customers, forecasters do

not deliver the most accurate forecast. If the second group of customers dominates,

forecasters have a strong incentive to differentiate their forecasts from the forecasts

of others. The strong incentive to differentiate forecasts arises because, in case a

forecaster delivers an “extreme” forecast, the number of other forecasters who deliver

the very same “extreme” forecast is small. Thus, even though an “extreme” forecast

may have a small probability of being accurate, the expected payoff of such a forecast

can be high because, in the case of such a stroke of luck, a forecaster does not have to

share with others revenues from the second group of customers. If a forecaster would

publish a less extreme forecast that is close to the consensus forecast, in contrast, the

probability is high that other forecasters make similar forecasts, implying that many

forecasts come close to the “best” forecast. If this is the case, even an excellent fore-

cast is likely to have only a rather moderate effect on a forecaster’s income and reputation.

In earlier literature, researchers have focused on aspects of metal markets that signif-
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icantly differ from the aspect of forecaster (anti-)herding, which is the focus of our

empirical study. For example, much research has been undertaken to shed light on

the speculative efficiency of metal markets (see the survey by Watkins and McAleer

2004). In an early study of the London Metal Exchange, Canarella and Pollard (1986)

analyze whether futures prices are unbiased predictors of future spot prices. Sephton and

Cochrane (1990) further study the efficiency of the London Metal Exchange by means

of single-market and multiple-market models that employ the dynamics of forward and

spot (”prompt”) prices. Other researchers have focused on the cointegration of spot

and metal futures prices (Brenner and Kroner 1995, Chow 1998, among others). Hsieh

and Kulatilaka (1982) analyze whether forward metal prices equal market participants’

expectations of future spot prices. Instead of using survey data on forecasts of metal

prices, they use econometric models to proxy the dynamics of expectations. Dooley and

Lenihan (2005) and Ahti (2009) show that time-series-based econometric models may be

useful to forecast metal prices.

We organize the remainder of our study as follows: In Section 2, we describe our data

set. In Section 3, we illustrate the test for forecaster (anti-)herding that we used in our

empirical analysis. In Section 4, we report our empirical results. In Section 5, we offer

some concluding remarks.

2. Theoretical background and data

We study monthly survey data of price forecasts for nine metals compiled by Consensus

Economic Forecast (CEF) for the time period 1995−2011. The survey is conducted

during the first week of a month and released at the beginning of the second week. We

study forecasts of the prices of the following metals: Aluminium, Cobalt, Copper, Gold,

Lead, Nickel, Platinum, Silver, and Uranium. Forecasts are available at four different

forecasting horizons: one month, one quarter, one year, and two years. We thus can
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study short-term, medium-term, and long-term forecasts. We supplement the forecasts

with the realized values of the metal prices as well as the forward rates (sourced from

Datastream), where the latter are based on data for the first week of each month and the

time horizon matches those of the forecast. Table 1 summarizes information on the sample

means of forecasts and realizations of metal prices, the correlation between the consensus

forecast and the forward rate, the number of forecasts, the number of forecasters, and the

sample period for which forecasts are available. In total, we can analyze 20,464 forecasts.

Please insert Table 1 about here.

The CEF survey data contain information not only on individual forecasts, but also

information on the company or institutions at which forecasters work.3 Because this

information allows the performance of the forecasting company to be evaluated, the

accuracy of forecasts may affect the reputation of forecasters. Reputation may strengthen

if forecasts are accurate, and this may give rise to less “extreme” forecasts and herding of

forecasters. Alternatively, it may happen that concerns regarding forecaster reputation

give rise to a scattering of forecasts. Such a scattering of forecasts arises, for example,

if a “superstar” effect is at work that strengthens incentives to make extreme forecasts

in an attempt to differentiate forecasts from the forecasts of others. If such forecast

differentiation is prevalent in the forecasting industry, the result is anti-herding of

forecasters.

Scharfstein and Stein (1990, p. 476) argue that a “superstar” effect arises if, for ex-

ample, top-ranking forecasters receive a disproportionately high reputation and income.

Similarly, Rosen (1981, p. 845) argues that two constituent features of the “superstar”

effect are “first, a close connection between personal reward and the size of one’s market;

and second, a strong tendency for both market size and reward to be skewed to the most

talented people in the activity”. Laster et al. (1999) develop a formal model of forecaster

3The forecasters work for investment banks, commercial banks, consultancies, and in the automo-
tive industry. A complete list of participants is available upon request from the authors. For more
information, see www.consensuseconomics.com.
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anti-herding in which these two constituent features of a “superstar” effect are at work.

In their model forecasters are rewarded not only for forecast accuracy, but also for giving

the best forecast at a single point in time. The latter component of forecaster income

gives rise to a scattering of forecasts and, thus, forecaster anti-herding. In their model,

forecasters’ profit function can be represented as follows:

Π = −α(st+k − Ei,t[st+k])2 + (1− α)

[
Σ

n
if Ei,t[st+k] = st+k, 0 else

]
, (1)

where Π = profit from forecasting, Ei,t[st+k] = forecast of forecaster i made in period

t, st+k = realization of the metal price being forecasted, and 0 ≤ α ≤ 1 is a weighting

parameter. The quadratic term on the right-hand side represents the profits from making

an accurate forecast. Accordingly, any deviation of the metal price from the forecast

lowers profits. The term in brackets on the right-hand side captures that a forecaster

can win an amount of Σ in the case of an exact forecast, where this amount is divided

among all those forecasters, n, who made such an exact forecast. If the forecast turns

out to be incorrect, the term in brackets is zero. The second term of the profit function,

thus, implies a close connection between a forecasters’ income and the size of the market,

where income is skewed to the most talented forecaster (1− α and Σ are large, and n is

small).

The two elements of the profit function represent the profits from two groups of

customers. The first group of customers consists of intensive forecast users who are

interested in accurate forecasts. The profit from selling forecasts to this group of

customers increases in the accuracy of forecasts. The second group of customers consists

of occasional forecast users. In Equation (1), a forecaster receives profits from this group

of customers only in the case of an exact forecast. Laster et al. (1999, p. 297) motivate

this modeling choice as follows: “The motivation for modeling the competition for

occasional users as winner-takes-all is the media attention given to the forecaster who,

in a given period, proves to be the most accurate among those participating in a survey.

This publicity enhances a forecaster’s reputation, credibility, and name recognition among
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occasional users, who are otherwise unfamiliar with most forecasters.”

The higher the relative importance of the second group of customers is (1− α), and the

higher the revenues from these customers (Σ) are, the stronger is the incentive to make

an “extreme” forecast. If a forecaster makes an “extreme” forecast, the probability of

winning part of the revenues, Σ, from the second group of customers is low. At the same

time, however, the number, n, of other forecasters who make the very same “extreme”

forecast is small. As a consequence, forecast differentiation (that is, anti-herding) can

lead to an increase in a forecaster’s expected profit.

Forecaster anti-herding and the concomitant scattering of forecasts should result in

cross-sectional heterogeneity of forecasts. Figure 1 shows that such a cross-sectional

heterogeneity of forecasts, in fact, is a characteristic feature of the CEF survey data. The

figure shows the actual metal prices (solid lines) and the range of the one-month-ahead

forecasts (shaded areas). The range of forecasts measures the cross-sectional heterogene-

ity of forecasts and is defined as the maximum minus the minimum of forecasts at a

given point in time.4 The empirical results we shall document in Section 4 indicate that

forecaster anti-herding contributes to the cross-sectional heterogeneity of forecasts. It is

important to mention, however, that our empirical results do not quantify the extent to

which forecaster anti-herding contributes to the cross-sectional heterogeneity of forecasts.

4A similar cross-sectional heterogeneity of forecasts has also been reported for commodity prices. See
Pierdzioch et al. (2010) for an empirical analysis of the cross-sectional heterogeneity of oil-price forecasts.
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Figure 1: Actual Metal Prices and Forecast Ranges
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Note: Figure 1 shows the range (shaded area) of the forecasts and the actual value of the metal prices (solid lines).

Forecaster anti-herding can have a negative effect on the informational quality of

metal-price forecasts. While forecaster anti-herding need not distort the average of

forecasts (Laster et al. 1999, p. 306), forecaster anti-herding inflates the cross-sectional

heterogeneity of forecasts. As a result, forecasts of metal prices give, for an outside

observer, a more dispersed and, thus, less precise account of expected future movements

of metal prices than it would be the case if private sector forecasters delivered unbiased

forecasts. In terms of empirical research, forecaster anti-herding implies that results of

standard panel tests of unbiased forecasts are difficult to interpret. Rejection of the

hypothesis of unbiased forecasts may reflect deviations from forecaster rationality, or

they may reflect rational biases due to forecaster anti-herding. Forecaster anti-herding,

thus, limits the informational content of tests of the informational efficiency of the

process of forecast formation.
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Finally, Figure 1 shows that several metal prices rose more or less steadily until around

2006, while substantial dynamics occurred during the recent past. One should also note

that Consensus Economics discontinued to survey metal prices between September 2002

and April 2004. Hence, there are no forecasts available for this period of time.

3. Testing for forecaster (anti-)herding

We use a test that has recently been proposed by Bernhardt et al. (2006) to analyze

whether forecasters (anti-)herd. Their test is easy to implement, and the economic

interpretation of the test results is straightforward. In order to lay out the economic

intuition that motivates their test, it is useful to consider a forecaster i who forms an

efficient private forecast, EP
i,t[st+k], of a future metal price in period t + k, derived from

an optimal forecasting model and all information available in period t when the forecast

is being made. The private forecast, thus, is (median) unbiased and the probability that

the unbiased private forecast overshoots or undershoots the future metal price should be

0.5.

The published forecast, however, need not to be identical to the unbiased private forecast.

For example, the published forecast, Ei,t[st+k], made by forecaster i differs from the

private forecast when a forecaster at least in part ignores the private forecast and instead

follows the forecasts of others. The forecasts of others can be represented by the so called

“consensus” forecast, Ẽt[st+k], that is, the average forecast made by all forecasters, at a

given point in time. In the case of forecaster herding, the published forecast is biased

towards the consensus forecast, Ẽt[st+k]. In the case the private forecast, EP
i,t[st+k],

exceeds the consensus forecast, Ẽt[st+k], the published forecast, thus, is smaller than the

private forecast, implying EP
i,t[st+k] > Ei,t[st+k] > Ẽt[st+k]. As a result, the probability

of undershooting is smaller than 0.5. Similarly, if the private forecast is smaller than the
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consensus forecast, we have EP
i,t[st+k] < Ei,t[st+k] < Ẽt[st+k], implying that the proba-

bility that the future metal price overshoots the published forecast is also smaller than 0.5.

In contrast, in the case of forecaster anti-herding, the published forecasts is farther away

from the consensus forecast than the private forecast. For example, if the private forecast

falls short of the consensus forecast, we have Ei,t[st+k] < EP
i,t[st+k] < Ẽt[st+k], implying

that the probability that the future metal price overshoots the published forecast is larger

in the case of anti-herding than in the case in which a forecaster publishes an unbiased

forecast. The probability of undershooting, thus, is larger than 0.5. Similarly, if the

private forecast exceeds the consensus forecast, we have Ei,t[st+k] > EP
i,t[st+k] > Ẽt[st+k],

implying that the probability of overshooting is larger than in the case in which a

forecaster publishes an unbiased forecast. It follows that, if the private forecast is smaller

than the consensus forecast, the probability that the future metal price overshoots the

published forecast is also larger than 0.5.

The probabilities of undershooting and overshooting can be used to set up a simple test of

forecaster (anti-)herding. The null hypothesis is that published forecasts of metal prices

are unbiased (no herding or anti-herding). The probability, P , that an unbiased forecast

of a future metal price, Ei,t[st+k], made by forecaster i overshoots (undershoots) the

future realization of the metal price, st+k, should then be 0.5, regardless of the consensus

forecast, Ẽt[st+k]. As a result, the conditional probability of undershooting in case a

forecast exceeds the consensus forecast should be

P (st+k < Ei,t[st+k] |Ei,t[st+k] > Ẽt[st+k], st+k 6= Ei,t[st+k]) = 0.5. (2)

The conditional probability of overshooting in the case that an unbiased forecast is smaller

than the consensus forecast should be

P (st+k > Ei,t[st+k] |Ei,t[st+k] < Ẽt[st+k], st+k 6= Ei,t[st+k]) = 0.5. (3)
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In case a forecaster herds, the published forecasts are closer to the consensus forecast than

in the case of unbiased forecasts. The published forecasts, thus, are biased towards the

consensus forecast. For those forecasts that exceed the consensus forecast, the probability

of undershooting thus is less than 0.5. Similarly, biased published forecasts that are less

than the consensus forecast imply a probability of overshooting that is also less than 0.5.

We have

P (st+k < Ei,t[st+k] |Ei,t[st+k] > Ẽt[st+k], st+k 6= Ei,t[st+k]) < 0.5. (4)

P (st+k > Ei,t[st+k] |Ei,t[st+k] < Ẽt[st+k], st+k 6= Ei,t[st+k]) < 0.5. (5)

In the opposite case of forecaster anti-herding, the published forecasts is farther away from

the consensus forecast than in the case of unbiased forecasts. If forecasters anti-herd, the

two conditional probabilities, thus, are larger than 0.5. In this case, we have

P (st+k < Ei,t[st+k] |Ei,t[st+k] > Ẽt[st+k], st+k 6= Ei,t[st+k]) > 0.5. (6)

P (st+k > Ei,t[st+k] |Ei,t[st+k] < Ẽt[st+k], st+k 6= Ei,t[st+k]) > 0.5. (7)

In order to test for forecaster (anti-)herding, Bernhardt et al. (2006) suggest to compute

a test statistic, S, which is defined as the average of the sample estimates of the two

conditional probabilities. Unbiased forecasts imply S = 0.5, herding implies S < 0.5, and

anti-herding implies S > 0.5. A test of the null hypothesis S = 0.5 can be set up by us-

ing the result that the test statistic, S, asymptotically has a normal sampling distribution.

Bernhardt et al. (2006) show that the test statistic, S, has a number of interesting prop-

erties. First, it is robust to phenomena like correlated forecast errors and market-wide

shocks. The robustness of the test statistic is due to the fact that it is defined as the av-

erage of the conditional probabilities of overshooting and undershooting. A market-wide

shock, for example, that drives metal prices up increases the conditional probability of

overshooting and decreases the conditional probability of undershooting, leaving the
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average of the two conditional probabilities unaffected. Second, the averaging of the two

conditional probabilities also implies that the test statistic, S, yields reliable results in

case forecasters do not target the median but the mean of an asymmetric distribution over

future metal prices. More generally, the averaging of the two probabilities makes the test

statistic robust to systematic biases in forecasts unrelated to forecaster (anti-)herding.

Third, the test statistic is robust to outliers in the data, data entry errors, or sharp

trend reversals in metal prices. The robustness of the test statistic results from the fact

that the conditional probabilities are computed as the relative frequencies of events from

a large number of forecasts. Finally, the test statistic is conservative insofar as its vari-

ance attains a maximum under the null hypothesis of unbiased forecasts, implying that

it is more difficult to reject the null hypothesis of unbiased forecasts when we should do so.

4. Empirical results

Table 2 depicts the S-statistic and the upper and lower bounds of a confidence interval

for the four different forecasting horizons that we analyze. The key finding conveyed by

the table is that forecasters do not herd. Rather, our main finding is that forecasters anti-

herd. In the cases of all nine metal prices, the S-statistic exceeds the value of 0.5 that it

would assume if forecasters delivered unbiased forecasts. There are only two exceptions:

for long-term Gold and Silver forecasts (at a forecasting horizon of two years) the null

hypothesis of unbiased forecasts cannot be rejected. In all other cases, there is statistically

significant evidence of forecaster anti-herding.

Please insert Table 2 about here

A potential problem could arise because forecasters who contribute to the CEF survey

data publish their forecasts simultaneously. This simultaneity is in contrast to the study

by Bernhardt et al. (2006), who analyze sequentially published forecasts of stock ana-

lysts. The simultaneous publication of forecasts could imply that forecasters do not know

the consensus forecast when deciding on the forecast that they want to publish. It is,
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thus, important to assess whether a simultaneity bias beleaguers our results. A simul-

taneity bias cannot arise if we use forward metal prices to measure the consensus forecast.

Forward metal prices inform forecasters about market-wide expectations of future metal

prices. Importantly, forward metal prices are publicly known, implying that forecasters

can take them into account when forming their forecasts. In addition, forward metal

prices closely track the consensus forecast. Finally, forward metal prices are available for

the four different forecasting horizons that we studied in our empirical analysis.

Insert Table 3 about here.

Table 3 summarizes the findings that we obtain when we use forward metal prices

to measure the consensus forecast. In all cases, the forward metal prices match the

forecasting horizon of the CEF survey data. The findings confirm those shown in Table

2. There is not a single case in which the null hypothesis of unbiased forecasts cannot

be rejected. In all cases, we find strong evidence of forecaster anti-herding − across all

nine metal prices and all four forecasting horizons.

Given the large price swings and sharp price reversals experienced by metal prices during

our sample period, we also analyze the variation over time in the S-statistic. In economic

terms, it may be the case that, if metal prices mushroom, demand for forecasts increases,

providing strengthening incentives to anti-herd. Alternatively, demand for forecasts may

increase in periods of falling metal prices, with implications for forecaster (anti-)herding.

Fluctuations in the S-statistic should signal changes in the prevalence of forecaster anti-

herding. In order to study changes in the prevalence of forecaster anti-herding and, thus,

changes in the S-statistic, we use a rolling-window estimation approach. Every rolling-

estimation window represents two years of data. When we move the rolling estimation

window forward in time, we drop the data at the beginning of the rolling window and

add new data at the end of the rolling window. We then continue this rolling estimation

process until we reach the end of our sample period. Figure 2 plots the S-statistics and

the resulting 99% confidence bands.
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Figure 2: Rolling-estimation window of the (Anti-)Herding Statistic, St
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Note: Figure 2 shows the S-statistic (solid line) and the 99% confidence interval (shaded area) based on a two-year
rolling-estimation window.

The results suggest that the S-statistic never drops below the 0.5 reference line (unbiased

forecasts) in a statistically significant way. It is also evident that there are fluctuations

of the S-statistic over time. In particular, the results of the rolling-estimation window

analysis indicate that forecaster anti-herding was somewhat less prevalent in 2001−2003,

and that it became more prevalent since then.5 It also seems that, when analyzed through

the lens of a rolling-estimation window, anti-herding was strongest over time in the cases

of Cobalt, Gold, Lead, Platinum, and Uranium.

Insert Tables 4 and 5 about here.

5Two issues should be taken into account when interpreting the result that anti-herding was less
prevalent in 2001−2003. First, as evidenced by Figure 1, metal prices rose more or less steadily during
this period of time. Second, Consensus Economics discontinued to survey metal prices between September
2002 and April 2004. Hence, there are no forecasts available for this period of time.
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As yet another robustness check, we analyze whether optimism and pessimism among

forecasters affect our finding of forecaster anti-herding. To this end, we define optimists

(pessimists) as forecasters whose forecasts imply a positively (negatively) sloped term

structure of metal prices, that is, forecasts of metal prices increase (decrease) in the

forecast horizon.6 The results reported in Tables 4 and 5 show that anti-herding is

the predominant strategy among metal-price forecasters. The evidence of anti-herding

is stronger for the pessimists than for the optimists, but we do not find a single case

of significant forecaster herding. The interpretation of the result that the evidence of

anti-herding is stronger for the pessimists than for the optimists, however, should not be

stretched too far. Whether pessimists or optimists show stronger signs of anti-herding

depends on how we define these two groups of forecasts. The key message reported

by Tables 4 and 5 is that anti-herding is still the dominant strategy when we split the

sample of forecasters into optimists and pessimists.

It is also interesting to explore whether forecasters that anti-herd with respect to

forecasting one metal price also anti-herd when it comes to forecasting another metal

price. Because the CEF survey data set contains forecasts of the prices of Gold and

Silver published by the same institutions, we perform such a cross-check of forecaster

anti-herding for these two metals. To this end, we compute a forecaster-specific

Si-statistic for forecasts of the prices of Gold and Silver. Figure 3 shows for each

forecast horizon that, in fact, forecaster anti-herding with respect to the price of

Gold is highly positively correlated with forecaster anti-herding with respect to the

price of Silver. A natural question is whether the high positive correlation of the

forecaster-specific Si-statistic that we observed for Gold and Silver also is a characteristic

feature of other pairs of metal-price forecasts. In order to explore this question, Figure

4 plots for the one-month forecast horizon the correlation of the individual (anti)-

6We also define the optimists (pessimists) as those forecasters who predict an increase (a decrease)
in metal prices (results are not reported, but available upon request). This definition, however, results
in a relatively small proportion of pessimists of only about 18%. Using the term structure of forecasts
to define the groups of optimists and pessimists (Tables 4 and 5), we obtain 6,203 (12,613) optimistic
(pessimistic) forecasts, which implies a proportion of pessimists of about 2/3.
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Figure 3: Individual (Anti-)Herding Statistic, Si for Gold and Silver
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Note: Figure 3 shows the individual (anti-)herding statistics Si for Gold (horizontal axis) and Silver (vertical axis) for each
forecast horizon.

Figure 4: Individual (Anti-)Herding Statistic for Different Metal Pairs
Aluminium/Cobalt Copper/NickelM1
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Note: Figure 4 shows the individual (anti-)herding statistics Si, for different pairs of metal prices for one-month ahead
forecasts. For example, the left-hand panel plots the individual (anti-)herding statistics for Aluminium on the vertical axis
and the individual (anti-)herding statistics for Cobalt on the horizontal axis.
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herding statistics for four pairs of metal prices: Aluminium/Cobalt, Copper/Nickel,

Platinum/Uranium, and Gold/Lead. Two results emerge. First, anti-herding is the

dominant forecasting strategy because most forecasters are located in the upper right

quadrant of the four plotted panels. Second, there is a positive cross-metal link between

the individual (anti-)herding statistics, thus, corroborating the results plotted in Figure 3.

5. Concluding remarks

We analyze forecasts of nine metal prices at four different forecasting horizons using

data for a sample period that covers fifteen years of data. Our main finding is that

forecasters appear to anti-herd, where the prevalence of forecaster anti-herding has

undergone changes over time. Our findings suggest that forecaster anti-herding is a

source of the empirically observed cross-sectional heterogeneity of forecasts. As a result,

forecasts of metal prices give, for an outside observer, a more dispersed and, thus, less

precise account of expected future movements of metal prices than it would be the case

if private sector forecasters delivered unbiased forecasts.

In future research, it is interesting to study whether forecaster anti-herding is linked to

financial market volatility in general and the volatility of metal prices in particular. For

example, Bewley and Fiebig (2002) study whether interest-rate forecasters (anti-)herd.

They find that the prevalence of forecaster herding is positively correlated with the

volatility of interest rates, that is, with the difficulty to predict interest-rate changes.

Laster et al. (1999, p. 304) argue that if forecasters’ loss function is stable over time,

a change in the strength of forecaster anti-herding indicates a change in the volatility

of the variable being forecasted. Our findings on the time-variation of forecaster

anti-herding may be a useful starting point to analyze in detail whether a link exists

between forecaster anti-herding and the volatility of metal prices.
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Another avenue for future research is to examine in detail the links between forecaster

anti-herding, the cross-sectional heterogeneity of forecasts, and macroeconomic deter-

minants of metal prices. Such a study could draw, for example, on recent research by

Menkhoff et al. (2009). They analyze the determinants of the cross-sectional hetero-

geneity of forecasts of exchange rates. Consistent with chartist-fundamentalist mod-

els of exchange-rate determination, they find, for example, that misalignments of the

exchange rate explain cross-sectional heterogeneity of forecasts. According to chartist-

fundamentalist models, cross-sectional heterogeneity should decrease as an asset price

moves farther away from some “fundamental” value because a consensus should emerge

among market participants that the asset price is not in line with fundamentals. Mis-

alignments of metal prices, thus, may shift the benefits and costs of making “extreme”

forecasts. An interesting question is whether a link between the cross-sectional hetero-

geneity of forecasts and the prevalence of forecaster anti-herding, on the one hand, and

misalignments of metal prices, on the other hand, can be detected.
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