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Chapterr 2 

Cobwebb Model 

2.11 Introductio n 

Inn this chapter we investigate the dynamics of the cobweb model, also known as the 'hog 

cycle'' model. In the experiments of Chapters 3, 4 and 5 we use the cobweb model to study 

expectationn formation. In this chapter we recall some relevant theoretical facts concerning 

thee price dynamics in the cobweb model under different expectations hypotheses, including 

rationalrational expectations (RE), naive expectations, adaptive expectations (AE) and sample 

autocorrelationautocorrelation learning (SAC). These will be important benchmark cases in Chapters 3 

andd 4 for the reported experimental results. 

2.22 The cobweb model 

Thee cobweb model was first introduced in economic theory by Cheysson (1887). Other 

earlyy treatments include Tinbergen (1930) and Schultz (1930). Kaldor (1934) for the first 

timee used the term 'cobweb model', due to the appearance of the graphs of the dynamics 

off  the model (see e.g. Figure 2.2 below). Ezekiel (1938) discussed the price-quantity 

dynamicsdynamics of the cobweb model with linear supply and demand. Since then the cobweb 

modell  has been one of the benchmark models in economic dynamics. Rosser (2000) gives 

aa nice short overview of work on the cobweb model. 

Thee cobweb model describes the price behavior in a single market with one non-

storablee good (e.g. corn or hogs) taking one unit of time to produce. The demand, qf, for 

thee produced good depends upon the price of the good, pt. Since it takes one time period 

too produce the good the production decision of the suppliers depends on their expectation 
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off  the price, p\, that wil l prevail in the market1. The actual price is determined by market 

clearing,, that is the equality of total supply and total demand. The model can thus be 

representedd by the following three equations: 

qfqf = Dipt) (2.1) 

qlql = Sifi) (2.2) 

(ft(ft = tf- (2.3) 

Hencee the market equilibrium price is given as 

PtPt = D-1{S{pD). (2.4) 

Throughoutt Chapters 3, 4 and 5 we will use the following specifications of demand and 

supplyy functions: 

D{pD{ptt)) = <h-bpu at,b>0 (2.5) 

Sipt)Sipt) = tanh(A($ - c)) + d, c, d, A > 0 (2.6) 

Thee demand curve is assumed to be linearly decreasing. Notice that the linear demand 

curvee contains a time dependent term at. For the moment at = a is assumed to be a fixed 

constant.. In some of the experiments in Chapters 3 and 4 at changes over time, to allow for 

unanticipatedd demand shocks. The supply curve is nonlinear, S-shaped and monotonically 

increasing.. A convenient feature of this nonlinear supply curve is that price fluctuations 

wil ll  always remain bounded. In fact, the S-shaped supply curve allows for the possibility of 

periodicc or even chaotic endogenous price fluctuations as wil l be shown below. Figure 2.1 

showss the demand and supply curves (2.5) and (2.6). From the figure we find that there is 

aa unique equilibrium price, p = p* ~ 5.91, where demand and supply intersect. It is well 

knownn that a linearly decreasing demand curve can be derived from consumers' utilit y 

maximization.. Moreover, we emphasize that our nonlinear, increasing supply curve can 

bee derived from producers' expected profit maximization with a monotonically increasing 

andd convex cost curve2. The underlying market equilibrium equation in our cobweb 

economyy is thus reflecting rational individual behavior, that is, demand is consistent with 

Noticee that p\ = Et-ipt-
2Producers'' expected profit is peq — c(q), where c(q) represents production costs at produced quantity 

q.q. The first order condition of producers' expected profit maximization is pe — d{q) = 0, yielding 
qq = (cf)~l(pe) = S(pe). For any increasing supply curve 5, the inverse S- 1 = d is also increasing, and 
thereforee the corresponding cost curve will be convex; see also Hommes (2000) where an S-shaped supply 
curvee is derived from producers' profit maximization with a convex polynomial cost function of degree 4 
orr 6. 
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Figuree 2.1: The demand (2.5) and supply (2.6) curves with parameters: at = 2.3,6 = 

0.25,, c = 6, d = 1 and A = 2. Throughout Chapters 3 and 4 we will use these values for 

thee parameters. Note that the point of intersection is the steady state price, p*  w 5.91. 

consumerss maximizing their utility under a budget constraint and supply is consistent with 

producerss maximizing their profits given their price expectations. This setup enables us 

too test the expectations hypothesis in an expectations feedback system where consumers 

andd producers act as if they are maximizing utility and profits. In addition our choice for 

aa nonlinear, increasing supply curve enables us to investigate whether agents are able to 

learnn a RE steady state in a world where under simple forecasting rules periodic or even 

chaoticchaotic price cycles can arise. An important question for our experiments in the following 

chapterss is whether in the corresponding experimental cobweb economy agents are able 

too learn the (unstable) RE steady state price. 

Fromm (2.1-2.3), using demand (2.5) and supply (2.6), one easily finds that the market 

equilibriumm price pt is given by: 

p(( = - [ a( - t a n h ( A ( t f - c ) ) - d ]. (2.7) 

Fromm (2.7) it is clear that the realized market price, pt, depends upon the producers' 

pricee expectation, p\. In our experiments of Chapters 3 and 4 we add a noise term to this 

markett equilibrium equation, which is equivalent to adding the noise term bet directly on 

thee demand function (2.5). In the experimental cobweb economy prices will therefore be 

generatedd by the unknown market equilibrium price equation 

PtPt = r[at - tanh(A(p? - c)) - d] + et, (2.8) 

withh expectations, p', formed by the subjects and et an IID noise term with Eet = 0. In 

thee following we recall some theoretical results on price dynamics in the cobweb model. 
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Thee expectation hypotheses we study stem from the theoretical literature on economic 

dynamics. . 

2.2.11 Naive expectations 

Earlyy treatments of the cobweb model in the thirties (e.g. Ezekiel (1938)) used what is 

perhapss the simplest expectation rule, namely naive expectations. Naive price expecta-

tionss means that producers expect today's price to be equal to yesterday's price, that 

is, , 

fifi  = Pt-i. (2-9) 

Itt is well known that the cobweb model with naive expectations and monotonie demand 

andd supply curves yields only three types of long run dynamic behavior: (i) convergence 

too a stable steady state price, (ii)  convergence to a (stable) period two cycle or (iii) 

unboundedd price oscillations. In our setting, the latter possibility can not occur, since 

thee supply curve (2.6) is bounded. Figure 2.2 shows the dynamic behavior of the cobweb 

modell  under naive expectations for different values of A. From Figure 2.2 (a) we see 

thatt the RE steady state price is (globally) stable, i.e. for all initial prices, p0, the price 

convergess to the RE steady state price. In contrast Figure 2.2 (b) shows an example 

wheree the RE steady state is locally unstable and the price converges to a period 2-cycle. 

Itt is important to emphasize that, along the 2-cycle, agents make 'systematic forecast 

errors';; in the sense that the realized price will be high (low) when the expected price is 

loww (high). This is due to the economic mechanism of the cobweb model: when producers 

expectt tomorrows price, p\, to be high they produce a lot, which results in a large supply, 

qlql,, which then results in a low market equilibrium price, pt, in that period. An important 

questionn for our experiments is: are agents able to learn from their systematic forecasting 

errorss and coordinate on the RE steady state even when the market is unstable? 

Whetherr a model with naive expectations is 'stable', i.e. converges to a steady state, 

cann be deduced from the following well known stability condition3: 

-1<l^< 1''  <2' 10) 

wheree p* is the steady state price. That is, a cobweb model is (locally) stable if the ratio 
off  marginal supply over marginal demand at the steady state p* is between —1 and 1. For 

3Thiss stability condition can be found by looking at the derivative of equation 2.4 with respect to pt - i 

andd requires that the absolute value of this derivative is smaller than 1. 
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Figuree 2.2: Dynamic behavior of the cobweb model with naive price expectations. We 

fixedd the parameters to a = 2.3, b = 0.25, c = 6, d = 1 while A, the stability parameter, is 

0.222 in Figure (a) and A = 0.5 in Figure (b). 

ourr choice of demand and supply curves, the derivative of the market equilibrium price 
(2.7)) is given by: 

-16Ae2A^*- 6' ' 
g/A(P')=( 1 + e 2A ( p. -6 ) ) 2.. (2-11) 

withh parameters a = 2.3, b = 0.25, c = 6, d = 1. For different values of A we get different 

steadyy state prices p* and corresponding derivatives of the price (2.7) evaluated at the 

steadyy state price: 

 strongly unstable case , A = 2, p*  = 5.91 and #2(5-91) = —7.75 

 unstable case, A = 0.5, p*  = 5.73 and ^,5(5.73) = -1.96 

 stable case, A = 0.22, p' = 5.57 and ffa22(5-57) = -0.87 

Soo for A = 2 the model is strongly unstable (the ratio of marginal demand and supply is 

muchh smaller than 1). For A = 0.5 the model is unstable while for A = 0.22 the model is 

stable.. Throughout Part I of this thesis we will refer to the three different cases as : (1) 

thee strongly unstable (2) the unstable and (3) the stable case, respectively. In Chapters 3 

andd 4 we will report laboratory experiments with these values of A and we investigate 

howw the results depend on the stability of the model. An important motivation for the 
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differentt treatments of the experiment is the following question: how does the stability of 

thethe model affect price fluctuations in an experimental setting? 

2.2.22 Adaptive expectations 

Anotherr frequently used simple forecasting rule is adaptive expectations, meaning that 

today'ss expected price is obtained by adapting yesterday's expected price in the direction 

off  the latest observed price by a constant factor, or equivalently that the expected price 

forr today is a weighted average of yesterday's expected price and yesterday's price, that 

is, , 

p\p\ = (1 - w)pe
t_i + itfPt-i, 0 < w < 1. (2.12) 

Noticee that when w = 1 adaptive expectations coincides with naive expectations. Nerlove 

(1958)) introduced adaptive expectations into the linear cobweb model. A straightforward 

computationn shows that under adaptive expectations the steady state p* is locally stable 

, _ i < m < 1 .. (2.13) 
ww D'{p*)  v ' 

Sincee 0 < w < 1 this stability condition 2.13 is less stringent than the stability condition 

(2.10)) under naive expectations (w = 1). Adaptive expectations thus has a (locally) sta-

bilizingg effect on the price dynamics, as compared to naive expectations. More recently, 

Chiarellaa (1988) and Hommes (1994) investigated the global dynamics of the cobweb 

modell  with adaptive expectations and a nonlinear but monotonically increasing supply 

curve,, and show that price cycles of any period and even chaotic price fluctuations can oc-

curr under adaptive expectations. We use a bifurcation diagram to illustrate the dynamics 

off  the cobweb model under adaptive expectations. A bifurcation diagram shows the long 

runn price dynamics as a (multi-) valued function of one parameter. In the bifurcation 

diagram,, Figure 2.3 (a), we see that a shift of the demand curve (2.5), i.e. a change in 

thee parameter a, can result in a stable steady state price (for a < 1.7 and a > 3.2), a 

stablee A-cycle (k = 2,4,..) or even chaotic price oscillations (the small black regions in 

thee diagram). Figure 2.3 (b) shows the long run price dynamics as the weight factor, w, 

increasess from zero to one. This figure demonstrates that the introduction of adaptive 

expectationss into the cobweb model has a stabilizing effect, it dampens the amplitude 

off  the price oscillations. If we decrease w from 1 to 0 we first observe a 2-cycle with a 

largee amplitude (for w = 1) next we observe a medium amplitude 4-cycle then a small 

amplitudee 2-cycle and for w < 0.28 a stable steady state occurs. 
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(a)) (b) 

Figuree 2.3: (a): Bifurcation diagram for cobweb model with adaptive expectations when 

shiftingg the demand curve upwards, i.e. for 1 < a < 4, with other parameters fixed at 

AA = 2, b = 0.25, c = 6,w = 0.5 and d = 1. (b): Bifurcation diagram for cobweb model with 

adaptivee expectations w.r.t the expectations weight factor w, 0 < w < 1, with the other 

parameterss fixed at a = 2, A = 2, b = 0.25, c = 6 and d = 1. 

Figuree 2.4 shows two bifurcation diagrams with respect to the adaptive expectations 

factorr w, one without noise (Figure 2.4 (a)) and one with noise (Figure 2.4 (b)) where 

eett ~ 7V(0,0.25) and all other parameters fixed. These bifurcation diagrams illustrate 

(a)) (b) 

Figuree 2.4: (a-b): bifurcation diagrams w.r.t. the adaptive expectations weight factor w, 

withh other parameters fixed at A = 2, o = 1.9,6 = 0.25, c = 6 and d = 1; (a) without 

noise;; (b) with noise. 

howw the long run price dynamics changes as the weight factor w changes from zero to 

one.. For a = 1.9 (Figure 2.4 (a)) infinite cascades of period doubling bifurcations arise 

andd for intermediate values of w prices fluctuate chaotically. For the case with noise 
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(Figuree 2.4 (b)) we do not observe a stable steady state. For small values of w we observe 

noisyy fluctuations around the steady state and for larger values of w we observe noisy 

fluctuationsfluctuations around a period 2-cycle. An important motivation for the experiments is 

thee question: are agents able to learn and coordinate on the (unstable) steady state in an 

unknownunknown chaotic environment? 

Itt is important to note that, as the expectations factor w decreases from 1 to 0, price 

volatilityy decreases because the amplitude of the periodic (or chaotic) price fluctuations 

decreases.. Figure 2.5 (a-b) plots the (long run) sample variance of price fluctuations with 

noise,, for different values of a. Both Figure 2.5 (a) and (b) show that price volatility 

iss high for large values of w (i.e. close to the case of naive price expectations (w = 1)) 

andd price volatility gradually decreases when w decreases. For small values of w, say 

00 < w < 0.25 the price volatility becomes approximately equal to the noise variance 

off  = 0.25. For intermediate and large values of w excess price volatility is large. One 

couldd say that adaptive expectations leads to expectations driven excess price volatility. 

(«)) (b) 

Figuree 2.5: (a-b): Sample variance of the price w.r.t. the adaptive weight factor w; (a) 

aa = 1.9, (b) a = 2.3. The other parameters are fixed at:A = 2, b = 0.25, c = 6 and d = 1. 

2.2.33 Rational expectations 

Lett us now consider the benchmark case of rational expectations (RE) in the cobweb 

model.. As is common practice under RE, we assume that agents know the underlying 

markett equilibrium equations. Rational expectations means that producers' subjective 

expectedd price equals the objective mathematical conditional expectation, i.e., 

ppee
tt = E^M, 
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wheree the timing Et-i reflects the fact that prices have to be predicted one period ahead. 

Whenn all producers have rational expectations, market equilibrium becomes4 

aa - bpt + bet = S(Et-ijH), (2.14) 

wheree S is the supply curve. In (2.14) we have fixed the parameter a for the moment, so 

thatt the (linear) demand curve is fixed over time. Taking conditional expectations Et-i 

onn both sides of (2.14) yields 

aa - bEt-iPt = SiEt-ipt). 

Hence,, the rational expectations prediction, Et-Xpt is simply the price p*  corresponding 

too the intersection point of the demand and supply curves. The RE forecast is thus given 

by y 

p\p\ = Et-iPt = p*. (2.15) 

Givenn that all producers have rational expectations with forecasts p\ = p* as in 2.15 the 

realizedd equilibrium price process (2.8) becomes 

PtPt = P* + ct- (2.16) 

Rationall  expectations are thus self-fulfilling. From (2.16) it follows immediately that the 

truee conditional expectation Et-ipt = p* coincides exactly with producers' expected price. 

Underr the benchmark of RE, the mean of the prices equals p*, whereas the price volatility 

ass measured by the variance of (2.16) coincides with the variance of of the noise. We will 

sayy that a market is biased if the mean of realized market prices is (significantly) different 

fromm the RE-mean p*. If the sample variance of realized market prices is (significantly) 

higherr than the RE-variance, we will say that the market exhibits excess volatility. 

Inn the experiments of Chapters 3 and 4 we consider two treatments: a noise treatment 

andd a permanent shock treatment. In the noise treatment the demand parameter a = 2.3 

iss fixed over time, so that the rational expectations steady state price is fixed during the 

entiree experiment at 

p*p*  « 5.91. 

Inn contrast, in the permanent shock treatment the demand parameter a changes over 

time,, representing a demand shock for a number of periods. The corresponding rational 
4Noticee that in our experimental setup we added the noise term tt directly to the price equation (2.7), 

whichh is equivalent to adding the noise term 6et on the LHS of the market equilibrium equation (2.3). 

Noisee may thus be interpreted as (small) demand shocks. 
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expectationss steady state price changes as follows: 

 at = 2 1 < t < 15 

 at = 3 16 < t < 28 

 at = 1.25 29 < t < 40 

 at = 2.5 41 < t < 50 

Twoo important questions for our experimental cobweb model thus are: (1) is an exper-

imentalimental cobweb market biased? (2) does an experimental cobweb market exhibit excess 

volatility? volatility? 

2.2.44 Bounded rationalit y 

Thee RE steady state can only be derived under the assumption that producers have perfect 

knowledgee about underlying market equilibrium equations. It implies that all agents know 

thee economic environment they are in and that they are able to compute equilibria and 

solvee difficul t optimization problems. In real markets this assumption seems to be highly 

unrealistic.. This point has been emphasized in recent work on bounded rationality. For an 

overvieww see e.g. Sargent (1993, 1999) and Evans and Honkapohja (2001). Sargent (1993) 

proposess that the agents in the model behave like econometricians and base their forecasts 

uponn t ime series observations. Evans and Honkapohja (2001) introduce a more specific 

formm of 'bounded rationality', i.e. adaptive learning. In that setup agents adjust their 

forecastt rule as new data become available over time. Before we present our experimental 

results,, i t wil l be useful to recall some recent theoretical bounded rationality work. Recent 

workk on bounded rationality shows that in a cobweb economy, even if agents do not know 

markett equilibrium equations, the unique RE steady state might be learned over time 

fromm t ime series observations. For example, Bray and Savin (1986) show that under 

adaptivee ordinary least squares learning prices converge to the RE steady state price. 

Arifovi cc (1994) obtains the same result when the learning process is modeled as a genetic 

algorithm.. Hommes and Sorger (1998) consider a learning scheme, based upon sample 

averagee and sample autocorrelations, and show that the RE steady state is the only 

equilibriumm where sample average and sample autocorrelations are correct5. Simply by 
5Hommess and Sorger (1998) call this a consistent expectations equilibrium (CEE), that is, an equilib-

riumm where expectations are self-fulfilling in terms of sample average and sample autocorrelation. They 
showw that in general, a CEE may be a steady state, a stable cycle or a chaotic time series. For the cobweb 
modell  with monotonie demand and supply, as in our experimental setup, the RE steady state is the only 
CEE.. Sample Autocorrelation learning is almost equivalent with Ordinary Least Squares learning. With 
SAC-learningg the agents constantly update the parameters of an AR(1) process by the sample mean and 
thee first order autocorrelation coefficient. 

p*p*  « 5.76 

p*p*  « 6.24 

p*p*  « 4.90 

p*p*  « 6.00 
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lookingg at the sample average and sample autocorrelations and adapting their forecasting 

rulee accordingly. Bounded rational agents may thus be able to learn the unique RE steady 

statee from time series observations. This theoretical result is relevant to our experimental 

cobwebb economy, because it suggests a simple and straightforward behavioral rule for 

learningg the RE steady state. For example, in the cobweb model the typical up and 

downn price fluctuations are characterized by strongly negative first order autocorrelations 

aroundd a constant mean. This regularity may be recognized from time series observations 

byy simply noting that if the price today is above average, the price tomorrow is likely 

too be below average. In theory, boundedly rational agents observing this regularity and 

carefullyy anticipating upon this negative first order autocorrelation should be able to learn 

thee RE steady state in the long run. Our experiment investigates whether this observation 

alsoo holds in practice. 

2.2.55 Heterogeneous expectations 

Modelss of bounded rationality assume that agents are not unboundedly rational. Some 

modelss of bounded rationality assume that agents use very simple rules of thumb in order 

too make decisions. An interesting issue then is which of these rules of thumb performs 

betterr than others and which will be imitated by other agents and drives out rules of 

thumbb that perform badly. This is the subject of evolutionary models. In this section 

wee briefly discuss an evolutionary heterogeneous agents framework. In the last decade 

heterogeneouss agents models have been proposed e.g. by Kirman (1991), DeGrauwe, 

DeWachterr and Embrechts (1993), Brock and Hommes (1997,1998), Droste, Hommes and 

Tuinstraa (2001), Frankel and Froot (1988) and De Long et al. (1990). In particular, 

Brockk and Hommes (1997) proposed an evolutionary heterogeneous agent framework for 

expectationn formation using the cobweb model. We briefly discuss an example here to 

illustratee how a heterogeneous agent framework may lead to complicated price fluctuations 

aroundd the RE steady state. We present an example where the producers can only choose 

betweenn two types of forecasting rules, namely a downward biased forecasting rule and 

naivee expectations. We consider the following two forecasting rules 

ffi(pffi(p tt-i)=p*-0.1-i)=p*-0.1 and ff2fo_i)=Pt-i. (2.17) 

Typee 1 always underpredicts the RE steady state p* by a small amount of 0.1, while 

thee prediction of type 2 is the last realized price. The linear demand function we use is 

D(pD(ptt)) = A — Bpt. Throughout this section we focus, for simplicity, on the case where 

thee supply curve is linear. The corresponding producers' cost function is then c(q) = 
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qq22/(2b)./(2b). Market equilibrium prices in the cobweb model with two trader types, with 

linearr predictors as in (2.17), is determined by6 

A-BpA-Bptt = ni,t_i6(p' - 0.1) + n2,t-ibpt-u (2.18) 

Thee fractions of producers using respectively forecasting rules H\ and /72, at the beginning 

off  period t, are denoted by nij-i  and r^t- i - The choice of a prediction rule is based upon 

pastt performance, in this case past realized profits. The net realized profit in period t for 

producerss using predictor Hj is given by7 

TT,-,,, = bptHfa-i) ~ ^ (# ; (pt - i ) ) 2 . (2.19) 

Thee fractions of agents using predictor Hj in period t are given by the discrete choice 

'probabilities' ' 

n**  = e M ^ \ Zt = j : exp(/fcrii4), (2.20) 

wheree Zt is a normalization factor such that all fractions add up to one. The key feature 

off  the discrete choice model is that predictors with a higher evolutionary fitness attract 

moree followers. The parameter 0 is called the intensity of choice, measuring how fast 

producerss switch between different prediction strategies. For 0 = 0, all fractions are fixed 

overr time and for the two predictors case equal to 1/2, whereas for the other extreme 

00 = oo, in each period all producers choose the optimal predictor from the previous pe-

riod.. Hence, the higher the intensity of choice, the faster agents switch to predictors that 

havee performed well in the recent past. The timing of predictor selection in (2.20) is im-

portant.. In (2.18) the old fractions nt_i,i and nt_i2 determine the new equilibrium price 

pptt.. This new equilibrium price pt is used in the fitness measure for predictor choice and the 

neww fractions nt,i and nt>2 are updated according to (2.20). These new fractions are then 

usedd in determining the next equilibrium price Pt+i, etc.. Figure 2.6 shows the strange 

attractorr and corresponding chaotic price fluctuations for the case with two competing 

linearr forecasting rules. This example shows that the evolutionary competition between 

simplee linear forecasting rules can generate chaotic price fluctuations. In a heterogeneous 

worldd in which market equilibrium equations and the RE steady state price are unknown 

thee interaction between different forecasting rules may thus lead to irregular price fluctu-

ations.. An important question for our experiments is whether in a heterogeneous setting 

agentsagents are able to coordinate on the RE steady state. 
6Inn our simulations we will work in deviations from the fundamental RE steady state price p', xt = 

Pt-P*-Pt-P*-
7Inn this example we do not consider any costs for obtaining the predictor. 
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Figuree 2.6: (a-b):Parameters: A = 0, B = 0.5, b = 1.35 and 0 = 18. (a): Strange attrac-

torr in the (xt,niit) phase space, where xt = pt—p* is the deviation from the fundamental 

steadyy state price, (b): chaotic time series of the deviation xt from the fundamental 

steadyy state due to evolutionary competition between downward biased forecast versus 

naivee expectations. 

2.33 Concluding remarks 

Inn this section we showed that the dynamic behavior of the cobweb model depends heav-

ilyy on the expectation rule used. We showed that even with a simple forecasting rule 

likee adaptive expectations price cycles of any period can occur. An argument against 

mechanicall  forecasting rules such as adaptive expectations is that agents learn from their 

systematicc forecasting errors and revise expectations accordingly. This argument is es-

peciallyy valid in the case when prices converge to a stable low order periodic cycle, such 

ass the stable 2-cycle and the stable 4-cycle, occuring under adaptive expectations. An 

importantt question for our experiments is whether a single individual is able to learn from 

thesee cycles and coordinate on the RE steady state. Furthermore, we have seen that even 

whenn market equilibrium equations are unknown, boundedly rational agents may be able 

too learn the RE steady state price by looking at time series observations and updating 

theirr forecast parameters. 

Differentt theories of expectations thus produce stable or unstable outcomes. Lucas 

(1986)) already argues that experimental work on expectation formation may be useful 

too distinguish various expectations hypotheses. Our experimental cobweb economy in 

Chapterss 3, 4 and 5 may be seen as an experimental testing of the expectation hypothesis 

inn the simplest of all dynamic economic models, the cobweb model. Which of the expec-
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tationss hypotheses explains the participants behavior in the experiments? Moreover, how 

doo people in an experimental setting actually form expectations when market equilibrium 

equationss are unknown? 


