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Abstract

We generateobsenable expectations about scal variablesthrough
laboratory experimerts using real world data from seweral European
courtries as stimuli. We compare a VAR model of expectations for
data which is preseried in a scal frame with one for neutrally pre-
sented data. We measurethe degreeto which participants use scal
data for their forecasts. Agents' expectations are found neither to be
consistert with rational nor with purely adaptive expectations but,
instead, follow an augmerted-adaptive scheme. Methodological im-
plications of the presern approac for experimerts in macroeconomics

are also discussed.
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1 Intro duction

Expectationson scal variablesare crucial to understandthe e ect of scal
policy on the private sector. Little is however known on the actual way
peopleform expectationson scal variables. While many models are based
on the hypothesisof rational expectations, empirical evidenceis limited and
indirect; this is partly due to the unobsenability of expectations.

The standard approad is to empirically investigate predicted relations
betweenobsenable variables, like relationships between scal variablesand
componerts of output, and from there to infer the e ect which unobsenables
might have played. Examplesof this approad range from classicaltests of
the Ricardian equivalence (see Seater 1993 for a review), to more recern
analysesof the so called "arti-Keynesian' (i.e. expansionary)e ects of scal
adjustmerts (Giavazzi, Jappelli, and Paganqg 2000Q.

A problem in this approad, howeer, is that the identi cation of the
e ects of expectations is model-dependen, and model comparisonis very
hard. Moreover many unobsened correlated factors are typically at play in
data collectedfrom real economies.This makesidenti cation of the e ects of
expectations quite di cult, becauséeconomistscannotobsene all the data
that economicagerts do" (Seater 1993 p. 164).

The latter limitation is also relevant for expectation measuresderived
from opinion surveyg. Moreover surveyssu er from lack of economicincen-
tivesto reveal true opinions, so that for various reasonsrespondens \may
expresgudgemerts that aredi erent from the onesthey chooseto act upon”
(Pesaran 1987 p. 209).

A third approad is to measureexpectationsin a cortrolled experimert.
Expectations experimerts have beenconductedsinceas early as the sixties
in a wide range of economiccortexts. They have looked at price expecta-
tions (Fisher, 1962 and Scdmalensee 1977, expectations about arti cially
constructedtime series(Hey, 1994, expectations on monetary policies (e.g.
Marimon and Sunder, 1993 and Bernasconiand Kirchkamp, 2000, or even
scal policy (Swenson 1997).

While the experimertal approad allowsto implemert the ceteris paribus
condition as none of the other two (and correct for the lack of incertives of
the survey approad), it typically su ers from the critique that the stimuli are
givenin situations that arefar from the real economicworld, thus questioning
the validity of the connectionbetweenthe lab and the real econony.

In this paper, we study the processof forming expectations on scal

1For example, surveys conducted by Grun (1991) and Allers, de Haan, and de Kam
(1998 found widespreadevidenceof misinformation on the conduct of government scal
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policy. We combine eld and lab data to cortrol information that subjects
obsene, while still giving them data taken from the real world 2

The approad innovateson existing literature in variousrespects. We list
here few areasin which the paper givesoriginal cortributions.

First of all, stimuli are represeited by annual time seriesof scal vari-
ablesfrom 15 OECD courtries. Unlike in previous experimerts, they refer
to bivariate, not univariate, times series,namely taxes and public expendi-
tures. This allows us to include a richer set of models in our comparison
and to extendthe analysisto augmened adaptive models. Stimuli are given
sequenally. We recorded1581di erent time seriesof realizedexpectations.

We ched the internal validity of the experimertal set-up by way of a
control group of participants who form expectations without knowing the
scal origin of the times seriesand we discussthe extert of the external
validity of the experimert.

Given the type of stimuli-responsedata of this experimert, we neednew
techniquesto model both parts of the data. We dewelop a modeling strat-
egy which is consistemn both with current practice in macro-econometrics
and micro-econometrics.We assumethat the joint data generatingprocess
(DGP) of stimuli and expectationsdata is a VAR; we next shav how natural
assumptionsarising from the experimertal designimply speci ¢ restrictions.
Two subsystemsare derived, one for the eld data and one for the agerts'
expectations; we then discussvarious possibleeconometricrelationships be-
tweenthe subsystems.Various econometricresultsin the areaare collected
and we shov how to analysethe eld data rst and subsequetly the expec-
tation data. The analysisallows for non-stationary behaviour both of eld
and expectation variables.

Many macroeconomic investigations use cointegration techniques and
Granger causality tests to investigate the sustainability of scal policy
and the type of causality between taxes and public expenditure (see,e.g.,
Trehanand Walsh, 1991 and Ahmed and Rogers 1995 as classical refer-
ences;Garcia and Henin, 1999 as a more recern example);the presen two
stageapproad cortains this analysisasthe rst step.

The approad encompassemarny micro-models for the formation of ex-
pectationsin the secondstep. We nd that a major componert of the process
dependson past forecasterrors. Generally subjects fail to perceiwe the scal
properties which we estimatein the eld.

The evidenceneither supports the “rational expectation hypothesis', nor
a purely adaptive sheme;rather, expectationsfall within a classof socalled

2The experiments of Fisher (1962 and Schmalenseg(1977) usedreal price data, though
the focusthere was on purely statistical, rather than economicmeaning of data.



“augmened-adaptive models', introducedin the early eighties by various au-
thors, seePesaran(1987. Thesemodelsthen becomethe starting point for
a growing literature of "boundedrationality' (Sargen, 1993 and "adaptive
learning' in self referertial economieqseeEvansand Honkapohja, 20073, for
a comprehensie survey).

The VAR approad we take to analysethe data excludesnon-linear be-
haviour in the DGP. This may bedisputable, sincediscretionaryintervernions
and exogenousshifts may introducenon linearities in scal policy (as for ex-
ample documerted for the US by Bohn, 1998 and Sarng 200J). The latter
caseis of interest sinceit may alsogeneratespeci ¢ anti-Keynesian e ects of
scal policy (seee.g. the modelssurveyedin Giavazzi, Jappelli, and Paganq
200Q and the empirical investigation conductedtherein).

We test for nonlinearity and nd that the VAR speci cation is robust
againstit.

The paper is organisedas follows. Section2 presens the setup of the
experimert and dicussesissuesof internal and external validity. Section|3
dewelopsthe econometricapproad to analyseboth the stimulus and the ex-
pectations data. Section4 discusseshe empirical speci cation of the eld
and lab models. Inferenceresults are preseited in Section/S. The last sec-
tion summarisesand discusseghe implications of the presen approad for
experimerts in macroeconomics.

2 Exp erimental setup

(two-periods) represetativ e agent small econony. Participants are exposed
to graphicalrepresetations of time seriesof scal variables,taken from vari-
ousEuropeancourtries. The stimuli referto grosstotal taxesT;, total public
expenditure (inclusive of interest paymens) G, public debt B, and change
in the debt level B; = B; B; ; attimet, all expressedasyearly percen-
ageof GDP. Hereand in the following is the time di erence. In this paper
we focuson the relationship and the direction of perceived causality between
taxes and expenditure, namely vector x; := (T;; Gy).

Agernts do not know which courtry and which period the seriesrefer to.
Utilit y in the experimert is derived from consumptionover two subsequen
periods:

yl
Ui = G+ (1 )G, with = 0:75 (1)

i=t



subject to the budget constraint

X1 .
) Fl ({:-2 Ti; 1+r)'=0 with r = O:1: (2)

savings

Agerts receiwe initial information onthe rst sewenvaluesof stimuli; for most
courtries the rst availableyearwas1970.Lett 1 bethe last available year

yeart agerns forecasttaxesand/or public expenditure.

Three experimental treatments were performed: in oneof the treatments
participants forecastboth T; and G; (see gure 1), in a secondtreatment
participants forecastT, only (see gure [2). The third treatment is a cortrol
treatment that is designedsimilarly to the rst (T, and G;) treatment. The
only di erence is that participants are not informed about the economic
content of the variables. Variablesare simply calledA, B, and C (see gure
3). Everything elseis asin the original T; and G; treatment. We call this
treatment the "neutral' treatment. Agerns expressforecastsclicking with the
mousedirectly into the diagrams. Instructions can be found in appendix
Bl Forecastsare indicated as T and Gf', wherei indicates agert i and E
standsfor expectation. Let y;; indicate all the forecastof agen i that refer
to time t; in the T, and G; treatment y;; := (TF'; Gr')°while yi; := TF' in
the T; only treatmernt.

The time seriesof the stimuli are updated recursiwely in ead period after
forecastsare made,sothat subjects learn about realization of the stimuli as
the econony moveson. More speci cally, givensubjects' forecastsy;; for year
t, the computerdeterminesan optimal consumptionlevel C; ; for the current
period giveneq. (1) and (2). In period t, X; := (T;; G;)° becomeavailable and
are communicated to the participant. The computer usesequation (2) to
determine C; and then usesequation (1) to calculatethe participant's utilit y
for periodt 1. The participant's per minute wageis

12000in the T; and G; treatment

w= 066 (u=u) where = 54460 the T, only treatmert ®)

where u, is the utility the participant would obtain with forecasting the
true values. This transformation from utilities into wagesis monotonic and,
hence, does not a ect the maximisation problem of the individual. The
transformation, howewer, createssteeper incertivesto make good forecasts.

Participants are payed this wageup to two minutes for ead forecast. If a
participant needsmoretime to completea forecastonly the rst two minutes
are pai.

3We have intro ducedthis payment schemeto simultaneously encourageparticipants to
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number of participants

Country Sampleperiod T; and G; T, only neutral
Austria 19704998 34 14 28
Belgium 19704998 52 20 48
Denmark 19714995 43 14 43
Finland 19704998 33 12 24
France 19771998 29 10 31
Germary 19704998 14 13 5
Greece 19751998 26 13 22
Ireland 19704995 45 21 44
Italy 19704998 35 16 29
Netherlands 19704998 32 9 23
Norway 19704998 32 14 26
Portugal 197041998 25 13 23
Spain 197041998 30 11 24
Sweden 19704998 53 16 41
United Kingdom 19704995 27 15 19
non-economisty54) 23 5 26
economists(116) 53 20 43
Total (170) 76 25 69

Table 1: Summary of the experimertal treatments
Since participants made forecastsfor more than one country the total number is not the
sum of the number of participants in all courtries.
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Figure 1. T, and G, treatment

Di erent agens participated in the three treatments. 76took part in the
T, and G; treatment, 25in the T; only treatment, and 69in the neutral treat-
mert. Of theseparticipants 116 were studerts in economicsor business(we
will call them economists),54 were from a di erent eld (natural sciences,
languagesjaw, and sccial sciencesye will call them non-economists).Each
agert made predictions for seweral courtries within ead treatment. Stim-
ulus data were from 15 European courtries: Austria, Belgium, Denmark,
Finland, France,Germary, Greece lreland, Italy, Netherlands,Norway, Por-
tugal, Spain, Swedenand UK. Table[1 summarisesthe parametersof the
treatments with the number of participants in the various conditions. For
the majority of courtries the sample period of stimulus data was 1970-98;
few exceptions(Denmark, France, Greece,lreland and UK) are due to lim-
its in the availability of the scal time series.For all courtries, expectations
recordingstarted from the seenth year of the stimulus (which wasthen 1977
for most courtries). A represetation of the stimulus data for the di erent
courtries is shavn in gure 4 and gure 5.

think about their forecasts,but alsoto remain active.

4All stimulus data usedin the experiment were taken from the OECD (2000) database
\Fiscal Positions and BusinessCycle".
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cumulative distribution

The experimert were carried out in the experimertal laboratory of the
SFB 504 in Mannheim between November 2000 and Decenber 2002. Ex-
perimertal sessionsvere conductedindividually. All 170 participants spent
about 2 hoursin the laboratory. They made, on average,136 forecasts(be-
tween28 and 309), and completedon averageoneforecastevery 39 seconds.
Instructions given to participants are reported in appendix B.

2.1 Internal validit y

Can we trust our setup? Are participants understandingand are they using
the economiccortext, or are they simply extrapolating the data without
economicconsideration. To answer this questionwe comparethe T; and G;
treatment with the neutral treatmert. If participants understand and make
useof the economiccortext we should expect that forecastsare better in the
scal framethan in the neutral frame. Furthermore, if specialeconomicskills
are necessaryto make forecastswe should expect that participants from the
economistsgroup make better forecaststhan the non-economists.

In gure |6/ we shav the cumulative distribution of the mean squared
error of the forecastsfor tax reverue. The solid line shavs the distribution

fiscal frame A

economists, fiscal frame economists, fiscal frame

R Rttt economists, neutral frame T economists, neutral frame

P i non-economists, fiscal frame o B S non economists, fiscal frame
— —-- non-economists, neutral frame 2 —— - non economists, neutral frame

J
T T
1 2 3 4 5 2 4 6 8 10 12
average mean squared error per participant average mean squared error per participant

averageof (T TE)?2 averageof (G GF)?

Figure 6: Forecasterrorsin the scal and neutral treatments

for economistsn the scal frame. The dashedline shows the distribution for
economistsin the neutral frame. Indeed, mean squarederrors of forecasts
are smallerin the scal frame than in the neutral frame, i.e. participants in
the experimerts seemto be able to make useof the economiccortext of the
information. The dotted line shows the distribution for non-economistsin

10



the scal frame. Again their forecasterrors are smaller than the errors of
non-economistsin the neutral frame (dashed-and-dottedline). While there
is a stark di erence betweenthe scal frame and the neutral frame there is
no obvious di erence betweenthe economistsand the non-economists.

To test this more formally we explain the meansquarederrors asa func-
tion of a dummy d. that is one for economistsand zero otherwise, and a
dummy d, that is onein the neutral treatment and zerootherwise.

(T TE)Z: gde"' ern"'C"' 4)

(G GF)?= gde+ Jdh+cH ®)
Results of the robust regressiorthat treats ead participant asan indepen-
dert obsenation areshavn in table 2. In both equationswe have |, positive
and signi cantly dierent from zero. . is not signi cantly dierent from
zero.

estimation of equation'4 (145 independert obsenations)

(T TE)? t P > jtj 95%Conf: Interval
n :5586159 2216946 252 0:013 12042 :9968119
e 0226633 :2255656 0:10 0:920 :4685105 :423184
c 2:791348 :1996356 1398 0:000 2:396754 3:185943

estimation of equation’5/ (145 independert obsenations)

(G GF)? t P>ijtj 95%Conf: Interval
n 1:071765 :4808198 2:23 0:027 :1213885 2:022141
e 0039117 :5156949 0:01 0:994 1:015398 1:023221
c 6:366691 :5207256 1223 0:000 5:337437 7:395944

Table 2: Testfor internal validity
All standard deviations are calculated using a robust regressiormethod taking into accourt
correlations of obsenations for eat participant.

Given that |, is signi cant and positive in both equationswe conclude
that we have obtained internal validity in our experimert. We also seethat
studerts from economicsand related elds do not have a signi cant advantage
in the experimert.

2.2 External validit y

It is unlikely that consumersform expectationson scal policy only on the
basisof spendingand taxes. Expectations might be a ected by the composi-

11



tion of the governmen, the date of the next election,economicdeelopmert,
foreign policy, natural disasters,to nameonly a few. Why are we neglecting
all thesefactors?

Indeed, neglectingthesefactors and concertrating only on a fewwould be
more problematic if our expectationswere formedin the eld and not in the
lab. In the eld we would not know whether a changein expectationsis due
to achangein the scal policy or dueto someother factor. Isolating all these
factorsin the eld canbeavery hard task, atask that canbe simpli ed in the
laboratory. It is a strength, not a weaknesspf laboratory experimerts that
we can conceltrate on a small number of factors. In this paper we look only
at taxation and governmen expenditure. We do not tell participants about
political parties, elections,etc., to make surethat their expectationscan not
be tainted by thesevariables. Changesin our participants’ expectationscan
in the lab only be the result of the information we provide them.

Putting our participants in sud a simple world meansthat they may
not form particularly preciseexpectations. This, howewer, is not a problem,
sincewe are not interestedin a comparisonof the expectation and the real-
isation. What we want to know is how the expectation processworks and
how past scal variablesa ect expectations. For this reason,past valuesof
scal variablesare the only information available in the experimert.

A vast empirical literature on scal policy alsousethe time serieswe pro-
vide to subjectsin the experimert, to analysethe scal conductof courtries
and to derive judgemers regarding the sustainability of their scal policies
and the direction of causality between scal variables. In the remaining
body of the paper, we dewelop an empirical model of stimuli and of expecta-
tion data, which coheretly ties the presen experimert to sud econometric
practice. Through it we discussthe meaningand implication of generalex-
pectation sthemes(rational, adaptive, augmerted adaptive), considerand
estimate properties of eld data and chek how thesefeaturesare perceived
by subjects in the experimert.

3 A VAR model for the experiment

This sectiondiscusseghe joint modelling of the stimuli and of expectation
data. In orderto simplify the analysiswe specify a model on ead singlecoun-
try separately This choice correspndsto a limited information corntext in
simultaneoussystemsof equations. In a completesystem,i.e. one containing
all courtry-speci ¢ subsystems,one could ervisagese\eral e ects (variance
componerts) assaiated with ead individual, which are now discardedin the
analysis.

12



While the limited information context leavesroom for improvemert in ef-
ciency for estimation and testing, it deliversmore robust inference,i.e. con-
sistert estimateseven under misspeci cation of someother courtry speci c
subsystem. This appearshighly desirable.

Ead individual i providesforecastsy.t on the basisof the knowledge of
the history of stimuli X; 1:= (X1;:::; % 1)% wherex; = (T;; G)% Let m in-
dicate the number of individuals, i = 1;:::;m. Recallthat yi; = (TF'; GF')°
in the T, and G, treatment and y;; = TtE' in the T; only treatment. Let
ziy = (y%:;x))° be the data vector involved in the prediction for ager
I at time t. Let Z;; ; indicate the history of z' up to time t 1,
Zit 1:= (z:1;:::;2z 1)% which represets the rele\ant information setavail-
ableto individual i in the expectation formation for the next period.

Consideralso the vector w; := (Y2 Xx9)%:= (y3:;ya: 1::¥2., x))° cortain-
ing all predictions performed by all agents at time t 1 along with the
variablesto be predicted. The prediction variables are grouped in the vec-
tor yi == (Y9 Yot ---Yae)® Let alsoW; 1 := (wg;:::;w? ;)%indicate the
complete history of stimuli and predictions of all agertis. We next state re-
strictions on the DGP of the joint processfw,g;_, that are consistet with
the experimenrtal setup.

3.1 Assumptions

Given the sequetial structure of the experimert, we decommse the
probability measureof the stochastic processfwtgtl=l sequetally, as in
Engle, Hendry, and Richard (1983, into the product of L (wW; ;). Here
and in the following L ( jW; 1) indicates conditional probability given W; ;.
This allows to de ne the DGP of the processby its transition probabilities.
We assumethat the DGP for w; can be takento be a Vector Autoregres-
sive procgss(VAR) A(L)w; = + where ; arei.i.d. N(0O; ) acrosst and
A(L) = ‘AL isthe autoregressie polynomial in the lag operator L,
Ao = |, the identity matrix. This assumptionis summarisedas follows.

Assumption 1 The law of w; conditional on W; 4, L (w;jW; ;) is Gaussian
with moments

X 1
E( wijWi 1) = + w1+ W V(Wi jWy 1) =
-
Py :
whee = A(1), -:= A;, and s a vector of constants.

i="+1

Se\eral remarks are in order here. First of all, assumption/l states that
the DGP of the variables obsened in the eld x; is nestedwithin a VAR

13



assumptionfor w;. It shouldbe notedthat this excludesnon-linearbehaviour
in X¢, which (as anticipated in the introduction) is viewed as disputable
by some (seee.g., Bohn, 1998 Giavazzi, Jappelli, and Pagang 200Q and
referencegherein). We considerthe issueof nonlinearity in somedetails in
Section5.3

The assumptionof normality may appear alsorestrictive. It is adopted
here for corvenience and can be dropped when one resorts to time-
asymptotics. We note, howewer, that for moderate temporal sample size
this assumptionis hard to test and reject.

Mostly important, we emphasisethat most panel data models do not
start with a VAR as a referencemodel, but rather directly from a collection
of singleequations,oneof ead individual. This isnot advisablein the presen
context, for variousreasons.Firstly, w; cortains the stimuli, which are likely
to have obvious interactions. As suggestedabove, the econometricanalysis
of the stimuli is just asimportant asthe one of the responses,and hencea
multiv ariate approad for the modelling of x; is mandatory. Moreover, the
presem VAR approad allows to view the links betweenthe information set
Zi+ 1 and the prediction y;; directly asparametersof the joint model and it
includesthe univariate standard regressionmodel as a special case.

Obviously, starting with a VAR as referencemodel, while very general,
leaves room for too many parameters;in the presen case,it also permits
variablesin the eld to be inuenced by data in the experimert, an issue
which we addressin the next assumption.

Assumption 2 The DGP of the stimuli x; conditional on W; ; does
not depend on past prediction variables ys for any s = 1;:::t 1,
e L( XJWe 1) = L( XXy 1).

Under assumption 2, y; does not Granger-cause X; (see e.g.
Engle, Hendry, and Richard, 1983. This assumption makes sense in
this experimertal setting, where the stimuli were generated by natural
experimerts well beforethe lab experimernt was performed.

In the following, blocks of the , - and matrices correspnding to
the various componerts of w; are indicated with the subscriptsl;:::;m, X
conformablywith w; := (y9;¥5: 11 Y3, X)) In the following the subscript

y is usedto group the rst m blocks of prediction variablestogether: -4 is
e.g. the block of coe cien ts of x; - in the expressiorfor E( y1.¢jW; 1), while

v I the block of coe cients of ( y?, ;;::: y%, 1)°in the expressionfor
E( XjW 1)E.

SNote that the conditional expectation operator E(jW,; 1) and the prediction per-
formed by the agerts do not necessarilycoincide.

14



Under Assumption(l] it is well known that Assumption2 holdsif and only
if x=0and .y =O0forall "= 1;::;k 1. This translates Assumption|2
into a parametric restriction, which is later exploited in model speci cation.

We next wish to incorporate information on the relation amongthe pre-
diction variablesy;; acrossageris. Giventhe experimertal setup, it is natu-
ral to assumethat forecastsare independernt acrossagerts, given the public
information available.

Assumption 3 Letj bedierentfromi;

a) the DGP of the forecast L ( yi+jW; 1) doesnot depend on the forecast
madeby other agents,i.e. ony;s for any time in thepasts = 1;:::t 1.

b) Moreover y;; and Y;; are independentconditionally on W; ;.

This assumptionformalisesthe experimenrtal setupwhereindividual forecasts
are performed independerily of eat other. Under Assumption /1, obsene

that Assumption(3a holdsif and only if y, = diag( 11;:::5 mm), yy =
diag( -11;:::; ~mm) forall " = 1;:;;k  1; while Assumption/3b holdsif and
only if , = diag( 11;:::; mm)- Again this translates Assumption(3 into

parametric restrictions, which are later exploited in model speci cation.

The structure implied by the three Assumptions above can be usedto
derive two sub-systemsa eld systemfor the stimuli x;, and a lab system
for the prediction variablesy;. This is donein the following Proposition.

Prop osition 4 Let Assumption/1 and 2 hold; then

the eld sub-systenDGP for x¢, L( X¢W; 1) = L( XXt 1), Is Gaus-
sian with variance matrix ,, and mean
)’( 1
E( thXt l): xt Xt 1t xx o Xpoow (6)
=1

If moreover Assumption/3 holds, the lab sub-systemDGP for y; given
the past, L( yjW; 1), is Gaussian with independent components,
ie. L( yjW; 1) can be decomposel in the product of L (it jW; 1)
fori = 1;:::;m, whee L( VitjW: 1) = L( VitJZit 1) IS Gaussian
with variance ; and conditional mean

EC ViedWe 1) = E( Vidddip 1) =
K 1
= i+t (it )z ot (i b)) zie ~i(7)
=1
and y, = diag( 11;:::; mm). Recall that zi; = (y5;x)°

15



Pro of. The results hold by standard properties of the Gaussiandistribu-
tion. m

The Proposition clari es that the model nestsa marginal VAR for xq,
which will be the basisfor the analysis of stimuli data. Moreover, y; is a
VARX wherethe stimuli x; act as exogenousvariables.

Two important issueshere concernthe processof expectations forming
and the properties of scal variables,namely cointegration and causality, as
occurring in the eld and as perceiwed in the lab. Theseare analysedin the
following subsections.

3.2 Exp ectation schemes

The restricted VAR discussedin the previous section has implications re-
garding the formation of expectations. In this sectionwe illustrate rational,
adaptive and augmerted-adaptive expectations within the presen corntext.

We start from rational expectations. The optimisation problem given
trough equations (1) and (2) implies a quadratic loss function. For a
quadratic lossfunction and a given information set the optimal predictor is
given by conditional expectations (Muth, 1967). Expectationsare calledra-
tional if they coincidewith the onesformedunderthe DGP (seee.g.Pesaran
1987. One can then calculate rational expectations by computing the con-
ditional expectations of x; given the relevant information set.

The implied speci c form of rational expectationsis repeatedin the fol-
lowing proposition.

Prop osition 5 (Rational expectations) Let Assumptions1l and 2 hold;
the rational expectation on  X; givenany of the information setsX; ;, W; 1,
Z! | is givenby

0(Xt 1) = E( XejWi 1) = E( XXt 1) = E( Xwa]Zix 1) =
X 1
x Tt Xt 17t TIXX Xt .
=1

Pro of. Under Assumption 2, the information cortained in W; ; or Zj; 1
in excessof the past history of x (X; 1) is irrelevant, so that the various
conditional expectations coincide. The marginal DGP for x; is Gaussian
with the above conditional expectations (seeeq. (6) in Proposition/4). =
Let a superscript 1 indicate the rst componert of a vector; Y%t, the rst

componert in y;., iS a represetativ e expectation variable, and assumethat
yi; represets a forecastof x{, the rst componert in x;. The form of the
rational expectationson proposition 5 providesthe yardstick to measurethe
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degreeof rationality presen in actual forecasts. In particular, for rational
expectationsto hold oneexpectsto nd E( y%4jZix 1) = g(X; 1), i.e. that
the obsened expectations are rational on average If obsened expectations
were exactly rational one would expect vy = g(X; 1) almost surely; we
here allow for someidiosyncratic error in the obsened expectations, and
take E ( y%thi;t 1) = g*(X; 1) asatest of rational expectations. Deviations
from this equality are taken as departure from rationality of expectations.

Onealternative formation processof expectationsis the adaptive stheme,
as originated in the 1950sby the works of Cagan (1956, Friedman (1957
and Nerlove (1958. We employ herethe following de nition.

De nition 6 (Adaptiv e expectations) An adaptive schemeis any bi-
variate transfer function of the form

E( yi:!-tjzi;t 1) = a(L)y%t 1t b(L)Xt1+ C

where a(L) and b(L) are nite salar polynomials of the lag operator L, and
Cc is a constant.

We emphasisethe bivariate nature of the adaptive sthemé: in particular,
under adaptive expectations, one would expect that only past valuesof the
forecastedvariable x{ and of its forecasty;; erter in the expectation process
for Y%t- In most of the previous experimerts studying expectation forma-
tion, subjects had to forecasta univariate time series(as for example in
Sdimalensee1977or Hey, 19949. They generallyfound support for adaptive
expectations (though not necessarilyof the rst order, e.g Hey, 1994. In
the presem experiment, if other variableserter in the estimatedequation for
yi}t, this is evidenceagainst a purely adaptive sihemeand in favour of a
more generalclassof modelsknown asaugmerted-adaptive (Pesaran 1987.

De nition 7 (Augmen ted-adaptiv e expectations) An augmente-
adaptive schemeis any multiv ariate transfer function of the form

E( yi%tjzi;t 1)=C(L)z; 1+ ¢C

P .
whee C(L) := P, CL is a nite order matrix polynomial of the lag op-
erator L, and c is a constant, z; := (y%;x)°

Augmernted-adaptive sthhemesare interesting becausehey nestboth rational
and simple adaptive sthhemes;thereforethey o er the natural setting to test
for both typesof expectations processes.

6SeePesaran(1987) for many variations nestedwithin this generalde nition.
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They are alsosometimegeferredto as boundedlyrational' learning mod-
els(Sargen, 1993. In particular, they emphasisehe usethat an important
stream of literature makes of these sdhemesto study the actual transition
dynamics of economiesdriven by the way people form expectations, like
for examplein the classicalcobveb econony or in the more recen liter-
ature on general equilibrium self-referetial econony (as e.g. reviewed in
Evans and Honkapohja, 200]). A question of interest in the latter cortext
is whether "boundedly rational' learning models can bring cornvergenceto
rational expectationsequilibria, asalsostudied experimertally in variousin-
vestigation. In the partial equilibrium approad of the presen experimert,
the questionof convergences clearly of a lesserinterest.

The next sectiondiscussegointegration and causality restrictions on the

subsystemg(6), (7).

3.3 Prop erties of data: cointegration and causality

In the following, we enquirethe possibility of cointegration (CI) in the vector
w; under Assumptionsl and 2, and state the expected long run properties
of stimuli and predictions. The integration properties of the seriesdo not
interfere with the analysis of the degreeof rationality of expectations, but
rather o er additional opportunities in the study of expectation formation.

The following proposition statesClI restrictions, and focuseson the Equi-
librium Correction Mechanisms (ECM) (seeHendry, 1995 of the two sub-
systems.

Prop osition 8 Let w; be at most | (1) with CI rank equal to r; this im-
plies = 2% with and full column rank matriceswith rank r. Under
Assumptions/l, 2, the Cl space  and the adjustmentcoe cients  can be
represente as follows

0 _— yl 0 0
- 0 wT w2 0 2X (8)
0 0 0 0 4 0
- yl y2 ly ](.)x - yl 1y  yl 1x 0y2 2x
H
0 x 0 5 0 X2 2x

whee the 2 blacks of columnsin  and havefull rank equalto rq, r,, and
r=rq+ ro. Hene

the ECM terms in the autonomousVAR systemfor x; are ,» 3 X,
while the onesthat appear in the VARX subsystenfor y; are ;1 9, wi+

0 .
y2 2xXt ’

’See, e.g., (Marimon and Sunder, 1993, and Bernasconiand Kirc hkamp, 2000 for a
more recert study.
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the CI rank of the autonomousVAR systemx; is equalto r;

under Assumptions3 fy hasa black-diagonalstructure of the form

Pro of. Mosconiand Giannini (1992 prove (8), seealso Johansen(1995,
section5.6. Note that we excludel(2) behaviour. Under Assumptions3 one

hasthat ,, = diag( 11;:::; mm), Which can be decommsedinto ,; 9
with block-diagonal structure of the form y; = diag( 11;:::; mm), y1 =
dlag( 11y« + + 5 mm) Where i = i ICI) ]

Proposition (8 clari es that the analysisof the autonomousVAR for the
stimuli allows to make inferenceon part of the cointegrating space,the one
spannedby ,. We obsene that the structure of the restricted joint VAR
allows the expectation variablesto possibly respond to the disequilibrium
errors  2.x; in any way, including the one characterising the ECM in the
eld, with coe cients ,. This behaviour would be consisten with rational
expectations.

The ECM of the expectation variablespossibly cortains r; additional ClI
vectors. One sud Cl vector could be of the form y;  x{, i.e. could descrite
the expectation error. Adjustment to this expectation error is expected in
an adaptive stheme.

The comparisonof the eld and expectation sub-systemsallows to eval-
uate the presenceand direction of causality, both in the real-world data and
in their perceptionby the agens in the expectations data. Signi cant coef-
cients on taxes within the equation for spending are taken as evidenceof
causality from taxesto spending, and vice versa.

In the next sectionwe illustrate in greaterdetailsthe type of cointegrating
and causalrelationshipswhich may be expectedbetweenand within the two
models. We do it while summarisingthe various steps of the econometric
analysisperformedon the data.

4 Empirical specication and inference

The econometricspeci cation descrited in the previous sectionsallows to
perform the empirical analysisin two stages:the rst oneon the eld sub-
system,the secondone on the expectation data.

4.1 Specication of the eld model (stim uli)

Visual inspection and evidencein the literature suggesthat the stimuli data
X .= (Ti; G)? are integrated of order 1, I(1). Becausex; cortains the ratio
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of taxes and expenditure to total GDP, x; := (T;; G;)® we expect the system
Xt hot to contain a linear trend.
A natural parametrisation of the sub-systemis then

X 1
Xt = x2( gxxt 1+ )+ wxx o Xt ot xts (9)
o

where 4 = 4, hasbeenassumedo excludelinear trends (seeJohansen
1995.

Versionsof this basic model have beenanalysedquite extensiwely in the
empirical time seriesanalysison scal policy. Two issueshave been con-
sideredwith particular attention: the sustainability of scal policy and the
direction of causality between scal variables.

Since Trehan and Walsh (199]) and Hakio and Rush (199J), a classical
method to addressthe rst issueinvestigatescointegration between taxes
and public expenditure inclusive of interest paymens: in short, cointegra-
tion tests of sustainability are basedon the idea that solvency requiresthe
budget de cit to be stationaryﬁ. We follow a standard procedureto test for
cointegration.

We start determining the lagsorder k of the eld VAR: for ead courtry,
we beginwith k = 5andthen restrict the order eliminating lagswhich arenot
statistical signi cant and chedking for absenceof correlation in the residuals.
The Johansen(1995 procedureis usedto test for the rank r, of the system,
and possiblyto estimate the cointegrating vector ... We usethe LR trace
test for Ho : r, = O versusH; : r, = 1, and excludethe caseof a stationary
systemr, = 2, where both taxes and expenditure are stationary in levels.
This assumptionis justied by previous studies and informal inspection of
the graphsof the series;see gure 4 and/5 with stimulus data in Section2.

We rely on standard n-asymptotic tables, despite the limited time span
of the data set. This re ects the unavailability of nite samplesizequatrtiles,
and it is also consisten with the inferenceageris could possibly perform in
the experiment.

8Quintos (1995 clari es that stationarity is in fact a strong solvency condition. In
particular, he shawsthat the No Ponzi Gameon public de cits is satis ed whenthe budget
is integrated of order one and therefore distinguishes between strong and weak forms of
solvency (on this, seealsoBergman, 2001). We also note that, empirically, it has been
proved di cult to accept sustainability in most courtries (see referencesin Bohn, 1998
for the US; and see,e.g., Manasse 1996 and the results section below for international
evidence). Recenly, Bohn (1998, and Sarno (2001) have adopted econometricapproach
which allow for nonlinearity in the adjustment processof scal policy; and have reac
results supporting sustainability.
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For the courtries for which ro, = 1, we estimatethe CI vector in the form

I x¢ = Ty + G, imposingthe normalisationto 1 of the coe cient of taxes,

and testing whether the correspnding spending parameter = 1. The
ML estimateb of is later usedin the analysisof the lab sub-systerﬁ.

The secondempirical issue analysed within equation (9) concernsthe
direction of causality between taxes and public expenditure. This is also
a classicaltheme in public nance. We recall four basic hypotheses. The
rst is that taxes causespending; this has for example been advocated by
the Leviathan State writers (Buchanan, 1977 Buchanan and Wagner, 1978,
and as an implication of improvemeris in the technological capacity of rais-
ing reverues(Friedman, 197§. The oppositeview that expenditure proceeds
taxesis rooted in the theory of scal illusion, dating bad to the nineteerh
certury ltalian Scool of Public Finance'(Buchanan 1960; it is alsoimplied
by Barro's modelsof exogenougpublic spending(Barro, 1974 1979. Bidirec-
tional causality may follow when taxes and expenditure are simultaneously
determined according to the standard economiccalculus of weighting the
marginal costsand the marginal bene ts of public services(Musgrave, 1966
Meltzer and Richard, 198]). Lack of causality may nally arise when taxes
and public expenditure are decidedupon by distinct institutional authorities
(Hoover and She rin, 1992).

Testsof the presenceand direction of causality can be basedon the eld
sub-madel (9). In particular, when the seriesin x; := (T;; G;)° are cointe-
grated, we know that at least one between T, and G; adjusts to disequilib-
rium with respect to the long run relation. The four casesabove correspnds
to vector ,, of the forms (0; )% ( ;0)° ( ; )%and (0;0)° (with indicat-
ing a non-zerocoe cien t), and provide tests of Granger long-run causality.
Similarly short run-causality can be simply cheded looking for signi cant
o -diagonal coe cients in the matrices - . Mixed results have beenob-
tained regarding causality, see,e.g. recenly, Garcia and Henin (1999 and
Payne (1998§.

Again here,we emphasisdhat in the presem paper we are not interested
in testing for causality (or for sustainability of scal policy) per se;but we
are interested in whether and how properties of scal policy found in the
stimuli are perceived in the lab-subsystemsof expectations variables.

°Note that the generated regressorbias has no e ect on the n-asymptotics for the
lab sub-system, becauseb is superconsisten, b = Op(n ') comparedto the n=?
consistencyof the parameters of stationary variables.
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4.2 Specication of the lab model (exp ectations)

Under assumptionsl, 2, and|3, the lab sub-systemcan be decompsedinto
m individual sub-systemsof the form

y X1 y
— 0 it 1 0 . it o .
Yit = it i1 1 +oio( pXe )+ (i ©oix) + i

Xt 1 1 ' ' Xt -

(10)
wherey;; = (TF';G[)%in the T, and G, treatment or y;; := TF' in the
T, only treatment, and x; := (T;;G;)% In the following we illustrate the
inferenceprocedureonly for yi; = (TF; GF')% with obvious modi cations
for the T; only treatment. Equation (10) shovshow the expectation variables
may reactto the eld disequilibrium error 9 x; 1, which is labelledgcy TG.
Additional CI relations may exist through the term fzi whichisa2 4
matrix of rank r4; 2.

Inferenceon the number of additional CI vectorsr; canbe performedfor
xed valuesofthe ECM term gcy TG obtainedin the marginal eld systen@.
In this paper we take a di erent and simpler approad. The hypothesis of
adaptive behaviour in the formation of expectation suggestdo calculate the
expectation errors (TF'  T;; GF' G;)° as a possible choice of extra ClI
relations 9, (y% 1; x{ 1)° Becausetheseextra relations do not cortain any
parameterto be estimated, it is simple to inspect the implied time-seriesof
the forecasterrorsin order to infer if they are stationary or 1(1). This can
be done visually or through univariate unit root tests. Both the tests and
the graphical analysi@ suggestthat the forecasterrors are stationary.

This leadsus to concludethat the sub-system(10) could be rewritten as
follows

E; 1
Tt Il Tt 1 X 1

TtEi + @ GEi A : Yir - :
GEi [ i Gy Gt + (i o ouix) N + h/t,
! Ty 1+ bG; =1 t
(11)
where ; = ( i1 : i2) is the adjustment coe cient, B, = "y i2(b
)G: 1. Eq. (11) involvesonly stationary variablesand deliversstandard n?
asymptoticsfor ( i; i; -i; vix: i) (seeJohansen 1995 chapter 13.5).

Oparuolo (2001) has derived the asymptotics of LR trace test for CI rank when some
ClI relation are known. These results are not directly applicable here becausethe ECM
term gcm TG hasbeenestimatedin the eld sub-systemand because(10) is a sub-system.

1Both are not reported for brevity.
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The analysisof eq. (11) permits to discriminate amongthe di erent ex-
pectation formation processesletailedin Section3.2 In particular, if subject
I hasrational expectations, onewould expect the equationsfor y;; to col-
lapseto the speci cation of the marginal system x;. This can be cheded
by testing if the coe cien ts of the variablesthat are presef in and not
in (9) are equalto zero.

Of speci ¢ interestis to investigatewhether and how the long-run adjust-
mert in the conditional model i, relate to the onein the marginal model

x2, Sincethis coe cien t indicatesif ageris perceiw and adjust to the actual
cointegration characteristicsin the data.

Howe\er if expectationsare adaptive, onewould expectonly x} to erter
the equation for Y%t, wherea superscript 1 indicates one stimulus variable
and the correspnding forecast. If other variablesappearin the equation for

Yii, this is consiste with an augmeried-adaptive scheme. Again this can
be tested via zerorestrictions on coe cien ts.

Finally, questionsof perceived causality between taxes and public ex-
penditure can be addressedoy inspection of parametersin (11), which nest
causality links from x; - andy;; - to yi;. In particular the o -diagonal ele-
merts in the - matricesandthe ;, coe cien ts determinethe direction of
causality from the eld to the lab, while the o -diagonal elemetts in the -
matricesand the i, coe cien ts regulatethe onesfrom the past expectations
on presen expectations. Causallinks in s pertain adjustmert to the long
run equilibrium and are termed “long run causality' links, while the onesin
s are called ‘short run causality' links.

The individual lab sub-systems(11) may be estimated one at the time
or jointly. Joint estimation under somehomogeneiy restrictions allows to
exploit the panel dimension of the data to increasee ciency. In the em-
pirical analysiswe rst of all assumeall individual-speci ¢ parametersto be
equalacrossagens ( i; i; ~is wixs i)=( 3 ; - =« ) obtaining
the maximal reduction in the number of parameters. We estimate for eat
courtry a model of a represetativ e-agetis expectations, which we compare
with the correspnding courtry eld model. This comparisonwill primarily
focus on the expectations obtained from the experimert conducted under
the scal frame. Next we will compareresults from di erent treatments,
including experimerts conducted under the neutral frame. There we will
alsoreconsiderthe homogeneiy condition imposedthrough the represeta-
tive agert assumptionand we will perform alternative estimations at more
disaggregatedevels.
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5 Empirical evidence

5.1 Analysis on the level of countries

Coin tegration in the eld: The result of the cointegration analysisof the
stimulus data is givenin table 3. We nd that two lags(that is, modelswith
onelaggeddi erence, the VAR orderis k = 2) are enoughto characterisethe
dynamic structure of the seriesfor most of the courtries consideredin the
experimens. For 9 courtries (Austria, Finland, Germary, Italy, Netherlands,
Norway, Portugal, Swedenand UK), we nd that taxesand public expendi-
tures are cointegrated; for 6 (Belgium, Denmark, France,Greece Jreland and
Spain) we nd that they are not. Among the former and consistely with
the generalevidencereported in the literature (see,e.g. Manasse 1996, we
found that the condition for stationarity of the budgetb = 1 s rejectedfor
most courtries. In fact, it is acceptedonly for Italy, somehav surprisingly
given that Italy is notoriously considereda courtry with very easy public
spendin&.

Causality in the eld and in the lab: Table/4 summarisesthe main
ndings of the inferenceon both the eld and the lab systemsin the two
experimertal treatments under the scal frame. The complete parameter
estimatesare available in appendix/A, other evidenceon the estimateswill
be provided below.

Parametersreported in the table /4 are signi cant at a 5% level at least'?.
In consideringthe results, recall that in the T, only treatment, in which
agerts forecasttaxes, expectationson G¢' are not available. Thus, inference
results on the lab systemfor the T; only treatment is limited to the equation
for yi= TEi.

The rst part of the table reports, for the eld and for the lab, the
coe cien ts of responsesto the eld error correctionterm 3 (T;; G;)° (also
indicated with gcy TG). Consider rst the eld evidence(the rst columnin
the table). Among the nine courtries for which cointegration betweentaxes
and expenditure wasfound, expenditure is long-run adjusting to taxesin four
caseqAustria, Norway, Swedenand UK); taxesare adjusting to expenditure
in othersfour (Finland, Germary, Italy and Netherlands);andin onecourtry
(Portugal) there is bidirectional adjustmert.

12Notice, however, that the hypothesis of no-cointegration for Italy was rejected only
marginally with a p-value of 0.09.

LAl models preseried below have been selectedperforming a computerised strategy,
which started to drop coe cien ts with higher p-values. We have chedked that the selected
models are robust to alternativ e procedures
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Table 3: Resultsof cointegration analysison stimulus data

Country VAR Hg(r, = 0) Rank Cointegrating Vector Test of the

(sampleperiod) order versus (%) homogeneiy
Hi(r,= 1) conditonb= 1

Austria k=3 425 r=1 (1, 0:739; 10:385) 1323

(1970-98)

Belgium k=2 9:05 r=0

(1970-98)

Denmark k=2 1592 r=0

(1971-95)

Finland k=5 27:99 r=1 (1, 0:565; 21:436) 2829

(1970-98)

France k=2 1592 r=20

(1970-98)

Germary k=2 1940 r=1 (1, 0572; 17:863) 4:32

(1976-98)

Greece k=2 1437 r=20

(1970-98)

Ireland k=2 16:67 r=20

(1970-98)

Italy k=14 1819 r=1 (1; 0:892;0) 1.72

(1970-98)

Netherlands k=2 2047 r=1 (1, 0:606; 17:630) 1351

(1970-98)

Norway k=2 1842 r=1 (1; 1:051,0) 3:52

(1970-98)

Portugal k=3 4912 r=1 (1, 1177;13667) 2:09

(1970-98)

Spain k=2 16:10 r==0

(1970-98)

Sweden k=2 1818 r=1 (1: 0:950;0) 2:13

(1970-98)

UK k=2 2342 r=1 (1; 0:922;0) 9:18

(1970-98)

Legend: , , denoterejection at, in the order, 10%, 5%, 1% signi cance level.
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9¢

Vectors of responsesto

Vectors of responsesto

Direction of short run causality

eem TG: T+ bG, (eemTET, eemGEG)® 01 (vi 1 % 1)° inferred from . and i
. T, and G, T, only T, and G, T, only
Field treatmernt treatment treatmernt treatment Field Tt and G, Te only
2 N N | N treatment treatmert
Austria (0,1.308) (0,0) (0 | ((-:0.9210),  (0.084,-0.695)) (-:0.8637) ) | T$ G T G
Belgium ((-0.8380), (0,-0.656))| ((-0.810») » |T G| T$ G T G
Denmark ((-0.8850.138), ( 0.096,-0.622))| ((-0.872%) ,*) T$ G T G
Finland (-0.9530) (-0.1450) (-0.164%) | ((-0.9230.171), (0,-0.512))| ((-0.825%) » |T G| T$ G T G
France ((-0.709;0.124),  ( 0,-0.849))| ((-0.655%) *) |T G| T$ G T G
Germary (-1.0070) (0,0) (0.165%) | ((-0.8420), ( 0,-0.695)) | ((-0.961%) ,*) T! G T G
Greece ((-0.9150), (0,-0.717)) | ((-1.058%) ,*) T G T G
Ireland ((-0.7390),  (-0.141;0.799)) | ((-0.676%) *) T! G T G
Italy (-0.1550) (-0.072;0.084) | (-0.034,%) | ((-0.7710.074),  ( 0,-0.744))| ((-0.864%) *) TI G
Netherlands (-0.6230) (0,0) (0% | ((-0.7360), ( 0,-0.800)) | ((-0.809%) ,*) T G T G
Norway ( 0,0.308) ( 0,0.083) (0% | ((-0.7320), (0.166,-0.751)) ((-0.731% » |T!' G| T! G T G
Portugal (0.2900.670)|  (0,0.175) (0 | ((-0.7440),  (0.240,-0.633)) ((-0.758%) *) |T$ G| T$ G T G
Spain ((-0.7320), ( 0,-0.657))| ((-0.548%) %) TI G T G
Sveden ( 0,0.280)| (-0.0340.086) (0% | ((-0.6920), (0.111,-0.743) ((-0.670%) » |T!' G| T G T G
United-Kingdom (00435 (0,0 (04 |((0.8830),  (0.175,-0.780))| ((-0.675%) ,*) T G T G

Table 4: Summary of inferenceresults




Results from the experiments shav that subjects don't perceiwe the ClI
characteristics of the eld data. In both experimertal treatments the lab
responses i, to gcm TG are often not signi cantly di erent from zero and
even whenthey are, i, arein any casequite smalf4

In the rightmost part of table 4 we show the results of tests on Granger
causality in the eld asit canbe inferred from inspection of the o -diagonal
coe cien ts of the matrix |4 from equation1l, and comparethem with tests
of perceiwved causalily in the lab asinferred from the o -diagonal coe cien ts
of matrix i .

Here alsoresults speak strongly against subjects correctly perceivingthe
properties of eld stimuli data. Field evidencein particular shaws that in
eight courtries, causality runsin neither directior@, in three courtries causal-
ity runs from expenditure to taxes; in two courtries it runs from taxes to
expendituréﬂ; and in other two causalily is bidirectional'’.

Lab resultsare not consistem with the directions of causality in the eld.
In the T; and G; treatment only in onecase(Portugal) the causality matches
the causality from the eld data®. In the T, only treatment the causality
from the eld is consiste with the onein the lab in six case®’ and not
consisten in the remaining nine.

Exp ectation schemes: The middle part of table 4 shows the estimatesof
the vector , describinghow individuals reactin the long run to errorsin the
processof expectationsforming 2, (v ;%2 )%= (T Tt ;G Gy 1)°
(alsodenoted(gcy TET; ecm GEG)9Y. The results supports the importance of

141n greater details, in the T; and G, treatment, in which subjects forecastedboth taxes
and expenditure, we nd that in 4 countries (Austria, Germany, Netherlands, UK) subjects
fail to perceive any long run adjustment; in one country (Finland), they perceive some
low adjustment of taxes to expenditure, in two (Norway and Portugal) of expenditure to
taxes, and in other two (Italy and Sweden) a bi-directional long run adjustment. In the
T¢ only treatment, we don't know how participants perceive the dynamics of the series
of public expenditure; on the other hand, we seethat out of the six courtries in which
adjustment in the eld was from expenditure to taxes, only in the caseof Finland and
Italy participants seemto perceive somesmall adjustment in the right direction, while for
Germarny the coe cien t of the long run adjustment hasthe wrong sign.

15The courtries were causality in the eld runs in neither direction in the are Denmark,
Germarny, Greece,Ireland, Italy, Netherlands, Spain, UK.

18Thesecourtries are Norway and Sweden.

Bidirectional causality is found in Austria and Portugal in the eld data.

18For one country (Austria), subjects don't perceive any causality in the T; and G;
treatment while we estimate a bidirectional causality in the eld. For the remaining 14
courtries we estimate a causality with the lab data which is matched by the eld causality
only in the caseof Portugal.

¥Thesecourtries are Austria, Belgium, Finland, France, Italy, Portugal.
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adaptive expectations. In the T; and G; treatment we nd the coe cien ts for
ecw TET in the equation for TtEi, and the coe cien ts on gcy GEG in the
equationfor Gf' to be positive and closeto 1. The sameholds in the T,
only treatment for the coe cien ts for gy TET in the equationfor TtE‘@ We
alsoseethat in both experimertal treatments the estimated parametersare
typically lessthan 1. (This is alsocon rmed by formal t-tests conductedon
the parameters). Conversely we shouldnote that in the T; and G; treatmert,
the o -diagonal diagonal of i; are in most casesequalto or very closeto
zero. In other words, subjects do not adjust expectations for taxesto errors
in the expectations on expenditure, and vice versa.

Taken as a whole, the aggregateevidencefrom table 4 thus indicates
that subjects are far from a model of rational expectations; their behaviour
seemgather to follow adaptive expectations, but possiblynot quite a purely
adaptive model. While the results suggestthat participants assumesome
causality, this causality changesover courtries. (As we will seethis causal-
ity di ers alsoamong participants and, for ead participant, it diers ewen
from courtry to courtry). We take this to be a weak evidencefor model of
augmerted-adaptive expectations.

To obtain further evidenceon the issue,in gure 7/we comparethe distri-
butions of the coe cien ts for the two scal treatments summarisedin table
4 with similar aggregateestimatesobtained from the experimerts conducted
under the neutral frame. The left column of diagrams gure 7/ shows esti-
mated coe cients for T, the right column of diagrams shows the coe -
cierts for GF'. We seesomedi erence amongtreatmerts, but alsoa good
deal of similarity.

Coe cien ts of responsedo the eld error correctionterm gcy TG arezero
or closeto zerofor all treatments and for both equationsfor TS and Gf'.

The distributions of the adjustmert coecients to the error terms
(ecm TET; ecm GEG)Y con rm that in all treatments subjects follow in the
aggregatea model of adaptive expectation, with on-diagonalcoe cien ts close
but generallylower than one,while o -diagonal coe cien ts arebasically zero.
That is, subjects don't adjust adaptively acrossvariables. There is, howewer,
a small but clear di erence betweenthe treatmerts, in particular regarding
the equationfor GF', for which subjectsin the (cortrol) neutral treatmert
show greater adjustmert coe cien ts than subjects in the scal (T, and G;)
treatment. One could say that the economiccortext reducesthe amourt of
adaptive behaviour.

The next graphs of the gure report the distribution of the coe cien ts

20In the T; only treatment subjects do not form expectations on G, hence,we can not
measurethe other coe cien ts.
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Figure 7: Resultsof estimating equation (11) for eat courtry
Graphs shaow the distribution of the estimated coe cien ts of equation (11). We impose
the restriction that all individuals in one of our three treatments usethe samemodel. The
distribution in the T + G treatment is always showvn asa solid line, the distribution in the
T treatment as a dashedline, and the distribution in the neutral treatment is shovn asa
dotted line. Distributions of coe cien ts for eem T, T, and TE are shown asthin lines,
distributions of coe cien ts for gcm G, G, and GE are shown asthick lines.
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of matrices - summedover Iag@. In both equations,the diagonalcoe -
cierts (hencethe own-eects of T, -on TF andof G; - on Gf') are
larger than the o -diagonal terms, which corroboratesthe view that percep-
tion of Granger causality in the T, and G; treatment is neither systematic
nor strong. A noteworthy exceptionis perceived causality from expenditure
to taxesin T; only treatment which is often signi cant and positive, which
we view assupport to include short run causalitiesfor this treatmert in table
4.

The last two diagramsshaow the coe cien ts from matrix - , summed-up
over lags, which refer to the short run e ects of past expectationson presen
expectations. The results shov a moderate tendency of subjects smaothing
out peaksin past expectations, as these (diagonal) e ects are negative, but
generally closeto zero.

5.2 Analysis on the level of individuals

The results discussedin section have been estimated assuming all
individual-speci ¢ parametersto be equal acrossagens within ead coun-
try. This restriction may be natural when all individual behaviour satis es
rational expectations. In the discussionof the estimateson the level of coun-
tries we have seenthat subjects in aggregateviolate rational expectations.
Still, there may be somesubjects behaving di erently or more rational than
others. In addition, it is possiblethat responsesgiven by the same par-
ticipants for dierent courtries are correlated. In sud a case, correlated
responsesby few participants may in uence the patterns of aggregateresults
(since the samplesizesof participants in the various treatments are in any
caselimited).

To investigate this possibility we have also estimated equation (11) sep-
arately for ead individual in ead courtry. The results are shovn in gure
8. The results do not alter the generalpicture from the homogeneousase
(gure 7). Rather, the results con rm the strong inclination toward adap-
tive expectations of most subjects, as well someother features of the data
presened for the aggregatecase.

In gure 9 we shaw for the various treatments the cumulative distribu-
tions of the coe cien ts of the lab sub-systemg(11) assumingthat they are
equal for ead participant over all courtries (though they may di er among
participants)@.

2Looking at sumsof coe cien ts to aggregatecoe cien ts for di erent lagsis crude, but
it is also simple and e ective. We get a very similar picture if we take only the rst lag.
The other lags are typically much smaller (by a factor of at least 10).

22\We should note that there may be other ways to imposea structure on individual
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Figure 8: Resultsof estimating equation(11) separatelyfor ead individual

and ead courtry

Graphs shaw the distribution of the estimated coe cien ts of equation (11). Individuals

may use di erent models for ead courntry. The distribution in the T + G treatment is

always showvn as a solid line, the distribution in the T treatment asa dashedline, and the

distribution in the neutral treatment is shown asa dotted line. Distributions of coe cien ts

foreem T, T, and TE are shown asthin lines, distributions of coe cien ts for gcu G,
G, and GF are shown asthick lines.
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Figure 9: Resultsof estimating equation (11) for eat individual
Graphs shaow the distribution of the estimated coe cien ts of equation (11). We impose
the restriction that ead individual usesthe samemodel for all courtries. The distribution
in the T + G treatment is always showvn asa solid line, the distribution in the T treatment
as a dashedline, and the distribution in the neutral treatment is shovn as a dotted line.
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The graphslook similar to those obtained for the coe cien ts estimated
in the represerativ e agert set-up, with the few di erences amongthe treat-
merts. In particular, the responseestimatesto vectors(ecy TET; ecm GEG)9)
con rm that the (own) adjustmerts coe cien ts are grater than 0.5 and less
than 1 for most subjects in all treatments. They also verify, though, that
the coe cien ts in the neutral treatments are systematically greater than in
the scal treatments, and herealsoin the equation for expectedtaxes. The
data also con rm the generalweak evidenceon Granger causality from the
o -diagonal elemens of matrix -, but lesssoin results from the T, only
treatment.

5.3 Missp ecication tests for nonlinearit y and anti-
Keynesian e ects

The VAR approad pursuedin the previoussectionsworks under the main-
tained hypothesisof a linear processfor the time seriesconsidered. As in-
tuition and somecurrent literature has documerted (seeBohn, 1998 and
Sarnq 200J), this hypothesismay con ict with the fact that scal policy is
subject to various possiblestructural shifts and discretionary intervertions,
which may introduce nonlinearity in scal policy.

We have cortrolled for misspeci cation biasesdue to nonlinearity in the
eld systemsby way of standard RESET tests. We haven't found evidence
of misspeci cation for the spansof data given as stimulus to subjects in the
experiment.

When the eld systemsare correctly speci ed, still, the conduct of scal
policy might changeat somepoint in time. As emphasisedy somerecen
literature a large intervertion on the scal variables, perhapsaddressecdto
correct disequilibrium in the public budget, may be perceived by the public
asto imply lower taxation in the future, and thereforegeneratean expansion
in economicactivity, rather than a cortraction as predicted by a standard
Keynesianperspective.

Proposed originally by the Sadwerstandigenrat zur Begutadhtung der
gesantwirtschaftlichen Entwicklung 1981 this view has beenmade popular
by Giavazziand Pagano(1990, who brought to the attention of the profes-
sion the astonishingexpansionary scal consolidationsoccurred in the mid
1980sin Denmark and Ireland. Various subsequen literature has beende-
veloped on the circumstancesand conditions under which nonlinear e ects
of scal policy are more or lesslikely to occur.

behaviour over di erent courtries. In this exercisewe are keepingthe structure of equation
to facilitate the comparisonwith our previous results.
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Taking a pragmatic approad on the issue,
Giavazzi, Jappelli, and Pagano (2000 have dened periods of ‘large
and persistet’ scal cortractions and scal expansionsas situations in
which, for at leasttwo consecutie years,the budget balanceasa percenage
of GDP increaseor decrease respectively, by at least 1.5 point per year.
Looking at two panels of OECD and non-OECD data, the study reports
widespreadevidenceof nonlinear e ects of scal policy.

Howe\er, as noted in the introduction, a problem with this approad is
that alink betweenthe obsened nonlineare ects of scal policy and the role
of expectations can be inferred, but not really tested.

We cortrol for the possibility of nonlinear e ects in the presen exper-
iment introducing dummiesin the equation (11) for expected taxes. Two
dummiesare introducedon the intercept: one(dcontr ) activated in periods
of \sizeable and persistert” scal cortractions, and the other (dgxp) acti-
vated in periods of \sizeable and persistert” scal expansions.According to
the view, we should expect the coe cients on dcontr 1O be negative and
that on dexp to be positiv.

Table 5 reports the periods in which the two dummies were activated,
with the related evidence.(A fuller accoun of the evidencecan be found in
appendix/A).

We courted 11 episalesof scal expansiongin 10courtries, with Sweden
courting for two), and 10 episalesof scal cortractions (in 7 courtries, with
Ireland courting for two and Swedenfor three). In the majority of caseghe
dummiesare not signi cant, in somethey are inconsisten with theory. The
evidencethus rejects the hypothesis of nonlinear responsesof expectations
to “largeand persistert' changesin scal policy per se

6 Conclusion

In a famoustaxonomy of the goal which may be pursuedin the laboratory,

Roth (1987 suggeststhree categoriesto classify experimerts in economics:
the rst is \speakingto theorists", the secondis \searcing for facts and

meaning”, the third is \whispering in the earsof princes". The experimert

descriked in the previous pageshas especially pursued the secondgoal in

a eld | that of expectations on scal policy |, in which very little is

actually known, though much is assumedhrough the hypothesisof rational

expectations.

23This would in particular signal a negative and positive changein the drift of agerts'
expectations following periods of \large and persistert" scal cortraction and scal ex-
pansion, respectively.
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GE

Vectors of responsesto
ecm TG: T+ bGy

Vectors of responsesto
(ECMTETv ECM GEG)Q- 91 e X 1)°

Direction of short run causality
inferred from .« and -

Fiscal Expansions
coe cien ts of dexp

Fiscal Cortractions
coe cien ts of dcontr

T, and G, T, only T, and G; T, only
T, and G, T, only . T, and G, T, only . T, and G, T, only
treatment | treatmert treatmert treatment | yreatment treatmert EPISOUES | yoatment | treatment | PSS | treatment | treatment
i2 i2 i1 i1
Austria (00) (0 | ((-0.921p),  (0.084,-0.695)) ((-0.8637) ) T G
Belgium ((-0.8380), (0,-0.656))| ((-0.780%) » | T$ G T G 80,81 0 -0.303
Denmark ((-0.8850.138),( 0.096,-0.622)) ((-0.872%) ) | T$ G T G ;‘1"2’80' 0 0 22’84'85' 0 0
Finland (-0.2380) (0.164%) | ((-0.9320.210), (0,0.512))| (-0.825%) %) | T$ G T G 91,92,93 |  0.623 0 22’76'88' 0 0
France ((-0.7120), (0,-0.849))| ((-:0.655%) » | T$ G T G 92,93 0.466 0
Germary (00) (0.1654 | ((-0.8420), (0,-0.695))| ((-0.961%) » | T! G T G 74,75 0 0
Greece ((-0.915;0.067), (0,-0.717))| ((-1.058%) %) T G 88,89, 90 0 0 96,97 0
Ireland ((-0.739p),  (-0.141;0.799))| ((-0.6765) ) | T! G T G ;g'gg’m' 0 0 22’84'87' 0
Italy (-0.072;0.084) | (-0.0344) | ((-0.7710.074),  (0,-0.744))| (-0.864%) 1) | T! G 71,72 0 0
Netherlands (00) (0% | ((-0.736D), (0,0.800)| ((-0.809%) » | T & T G
Norway (00.083) (0% | ((-0.7360),  (0.166,-0.751)) (-0.731%) 5 | T! G T G 01,92 0.324 0 94, 95,96 0 0
Portugal (00.175) (0% | ((-0.744D),  (0.240,-0.633)) ((-0.758%) ) | T$ G T G 74,75,76 0 0
Spain ((-0.7120), (0,-0.657))| ((-0.5487) » | T$ G T G 81,82 0 0 96,97 0.312 0
78,79,91 83,84,86,
Sweden (-0.0340.086) (09 | ((0.7150),  (0.111,-0.743))| ((-0.673%) %) T G o 05 | 0575 0 87,94, 95, 0 0.238
' 96
o 72,73,92,

United-Kingdom | (00) (0% |(-0.883p), (0.175-0.780)) (08975 %) | T! G o3 0 0.791

Table 5: Evidenceon expectationsin episalesof \large and persistert” scal adjustmerts




We attempt to takea rst stepin studying the reliability of this hypothesis
and the processpeople use to form expectations on scal variables more
generally It is clear that in the real world expectations on scal policy
depend on a long list of political, institutional, and cultural conditions. Yet,
we have conducted an experimert in which participants receiwe as stimuli
only real world data on scal variables and where they form expectations
on the basis of that information alone. We have taken this approad to
cortrol the ervironmert of the stimulus data asthe very essencef laboratory
experiments.

Though sud a simple ervironmert is not the most precisemodel of a
processof scal expectations,in providing only a limited set of information,
and in leaving out announcemets, cortracts between courtries, etc., we
want comeclosein the experimert to standard models usedby economists
and econometriciansto study and analysethe properties of scal policy.
Consistertly, we follow an econometricapproad for the processof formation
of expectations, which coherenly arisesfrom the data generating process
of the eld stimuli; we have distinguished between long-run and short-run
e ects, both of the stimuli and of past expectations.

We found that subjects behave adaptively, though they do not adjust
perfectly to past expectation errors, not evenin the long run. We found that
subjects follow an augmerted-adaptive model, which hasn't howewer revealed
a generalpattern of behaviour regarding causalrelationships between scal
variables. Indeed, we have found little di erence in the models estimated
for subjects giving expectationswhenthey knewthat the stimulus data con-
cernedreal scal variables,and the cortrol group which didn't know. Still,
we have seenlessnoiseand more accuracyin the expectationsof participants
in the scal framethan in the neutral frame, which we have taken asa sign of
a better understandingof the experimertal task and of the internal validity
of the experimertal set-up.

For subjects in the scal frame, we have alsotested whether their expec-
tations respond nonlinearly to large discretionary changesin scal policy;
but we haven't found this behaviour. Once again, this doesnot necessarily
meanthat nonlinear e ects of scal policy may not be relevant in the eld,
howewer, it meansthat if nonlinear e ects occur, they might not be simply
imputed to generalcharacteristicsof scal policy per se but may needother
catalysing factors, which may be political ewvernts, announcemets, perhaps
newsfrom the pressor media broadcasting.

A possiblenext step would be to include someof thesefactorsin aricher
experimertal setup, which givesinformation on political everts or announce-
merts from historical records,as additional stimulus data. Likewise,experi-
merts giving more information on the courtry or the period of stimulus data
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or the composition of the public budget may provide a way to test models of
an increasingdegreeof closenesso the real world, while maintaining cortrol
on subjects' information sets.

From a methodological perspective, the main novelty of the presen ap-
proad is the ideaof using eld and laboratory data complemetmarily. Exper-
imental economicshasgrown substartially over the last two or three decades,
asit is now a well-acknowledged method through which decisiontheorists,
gametheorists and microeconomistshave testedand re ned theoretical mod-
elsin their respective elds of interest.

Relatively few experimerts have instead been conductedin the eld of
macroeconomics. The reason,probably, is that macroeconomistsdeal with
real world questionsto a much greater degreethan other economists,in
the belief that laboratory experimerts cannot really answer sud type of
questions. Olivier Blanchard arguesin this context: \When an engineer
wants to nd out how the temperature a ects material's conductivity, she
builds an experimert in which shechangesthe temperature, makessurethat
ewerything elseremainsthe same,and looks at the changein conductivity.
But macroeconomistswho want to nd out, for example, how changesin
the money supply a ect aggregateactivity cannot perform suc cortrolled
experimerts; they cannot make the world stop while they ask the certral
bank to changethe money supply" (Blanchard, 1997.

The approad pursuedin this paper suggestghat it is not necessaryto
make the whole world stop to test macroeconomicmodels experimertally.
Instead, by using real world data as stimulus for subjects in the experimerts
it may be possibleto start collecting piecesof evidencethat may help us
understandingwhich forcesand variablesare morerelevant whenindividuals
take macroeconomicactions.

References

Ahmed, S., and J. H. Rogers,1995,Governmert Budget De cits and Trade
De cits: Are Presenn Value Constraints Satis ed in Long-Term Data?,
Journal of Monetary Economics 36, 351{74.

Allers, M., J. de Haan, and F. de Kam, 1998,Using Survey Data to Test for
Ricardian Equivalence,Public Finance Review 26, 565{82.

Barro, R. J., 1974,Are Government BondsNet Wealth?, Journal of Political
Economy, 82, 1095{1117.

37



, 1979,0n the Determination of the Public Debt, Journal of Political
Economy, 87, 940{71.

Bergman, M., 2001, Testing Governmen Solvency and the No Ponzi Game
Condition, Applied EconomicsLetters, 8, 27{29.

Bernasconi,M., and O. Kirchkamp, 2000,Why do monetary policiesmatter?
An experimertal study of saving and in ation in an overlapping genera-
tions model, Journal of Monetary Economics 46, 315{343.

Blanchard, O. J., 1997,Macroeconomics Prentice Hall, New Jersey USA.

Bohn, H., 1998, The behavior of US public debt and de cits, Quarterly Jour-
nal of Economics 113,949{963.

Buchanan, J. M., 1960, Fiscal theory and political economy. The University
of North Carolina Press,Chaple Hill.

, 1977,Demacracy in de cit. AcademicPress,New York.

Buchanan, J. M., and R. Wagner, 1978,Dialoguesconcerning scal religion,
Journal of Monetary Economics pp. 626{627.

Cagan, P., 1956, The Monetary Dynamics of Hyperin ation, in Studiesin
the Quantity Theory of Money, ed. by M. Friedman. University of Chicago
Press.

Engle,R. F., D. F. Hendry, and J.-F. Richard, 1983,Exogeneit, Economet-
rica, 51, 277{304.

Evans, G. W., and S. Honkapohja, 2001, Learning and expectations in
macroeconomics Frontiers of Economic Researb. Princeton and Oxford:
Princeton University Press.

Fisher, F. M., 1962,A Priori Information and Time SeriesAnalysis North-
Holldan, Amsterdam.

Friedman, M., 1957, The Theory of the Consumption Function. Princeton
University Press,Princeton, New Jersey

, 1978, The limitations of tax limitations, Policy Review pp. 7{14.

Garcia, S., and P.-Y. Henin, 1999, Balancing Budget through Tax Increases
or Expenditure Cuts: Is It Neutral?, Economic Modelling, 16, 591{612.

38



Giavazzi, F., T. Jappelli, and M. Pagano, 2000, Searting for non-linear
e ects of scal policy: evidencefrom industrial and deweloping courtries,
European Economic Review 44, 1259{1289.

Giavazzi, F., and M. Pagano,1990,Can seere scal cortraction be expan-
sionary? Tales of two small European courtries, NBER Macroeconomics
Annual, pp. 75{111.

Grun, D., 1991,What peopleknow and what economiststhink they know:
surveyson Ricardian equivalence,Australian Economic Papers, 30, 1{9.

Hakio, C., and M. Rush, 1991, Is the budget de cit too large?, Economic
Enquiry, 29, 449{445.

Hendry, D. F., 1995,Dynamic econometrics AdvancedTexts in Economet-
rics. New York and Oxford: Oxford University Press.

Hey, J. D., 1994, Expectationsformations: rational or adaptiveor ..., Journal
of Economic Behavior and Organization pp. 329{349.

Hoover, K. D., and S. M. Sherin, 1992, Causation, Spending, and Taxes:
Sandin the Sandlox or Tax Collector for the Welfare State?, American
Economic Review 82, 225{48.

Johansen,S., 1995, Likelihood-basel inference in cointegrated vector autore-
gressivemodels AdvancedTexts in Econometrics.Oxford and New York:
Oxford University Press.

ManasseP., 1996,Are TaxesToo Low?, Journal of Economic Dynamics and
Control, 20, 1263{88.

Marimon, R., and S. Sunder, 1993, Indeterminacy of Equilibria in a Hyper-
in ationary World: Experimertal Evidence,Econometrica, 61,1073{1107.

Meltzer, A. H., and S. F. Richard, 1981, A Rational Theory of the Size of
Governmert, Journal of Political Economy, 89, 914{27.

Mosconi,R., and C. Giannini, 1992,Non-causaliy in Cointegrated Systems:
Represemtion Estimation and Testing, Oxford Bulletin of Economicsand
Statistics, 54, 399{417.

Musgrave, R. A., 1966,Principles of budget determination, in Public nance:
seleted readings ed. by H. Camson,and W. Henderson.Random House,
New York.

39



Muth, J. F., 1961, Optimal properties of exponertially weighted forecasts,
Journal of the American Statistical Assaiation, 55, 299{306.

Nerlove, M., 1958,Adaptiv e expectationsand Cobweb phenomenaQuarterly
Journal of Economics 72, 227{240.

Paruolo, P., 2001, LR tests for cointegration when some cointegrating re-
lations are known, Statistical Methads and Applications - Journal of the
Italian Statistical Saciety, 10, 123{137.

Payne, J. E., 1998, The Tax-Spend Debate: Time SeriesEvidencefrom State
Budgets, Public Choice, 95, 307{20.

Pesaran,M. H., 1987, The limits to rational expectations. Oxford and New
York: Blackwell.

Quintos, C. E., 1995, Sustainability of the De cit Processwith Structural
Shifts, Journal of Businessand Economic Statistics, 13, 409{17.

Roth, A. E., 1987,Laboratory Experimertation in Economics,n Advan@sin
economic theory: Fifth World Congress ed. by T. F. Bewley pp. 269{99.
Cambridge University Press.

Sadwerstandigenrat zur Begutaditung der gesamwirtschaftlichen En-
twicklung, 1981, Vor Kurskorrekturen | Zur nanzpolitischen und
wahrungsplitischen Situation im Sommer 1981Special Report of July 4,
1981.

Sargen, T. J., 1993, Boundal Rationality in Macroeconomics Clarendon-
Oxford University Press,Oxford.

Sarno, L., 2001, The behavior of US public debt: a nonlinear perspective,
EconomicsLetters, 74, 119{125.

Sdmalensee,R., 1977, An experimertal study of expectation formation,
Econometrica, pp. 17{41.

Seater,J. J., 1993, Ricardian Equivalence,Journal of Economic Literature,
31, 142{90.

Swenson,C. W., 1997, Rational expectation and tax policy: experimertal
market evidence, Journal of Economic Behavior and Organization, pp.
433{455.

40



Trehan, B., and C. E. Walsh, 1991, Testing Intertemporal Budget Con-

straints: Theory and Applications to U.S. Federal Budget and Current

Accourt De cits, Journal of Money, Credit, and Banking, 23, 206{23.

A Detailed results of the estimation
without dummies with dummies for cortr. and exp.
eld T; and G; T; only| neutral | T; and G; T; only neutral
T G| T G T | T G| T G T | T G
Austria
ECM 1.31
ecm T -.921 .084 | -.863 | -.89 .155||-.921 .084 | -.863 |-.89 .155
TE, -.06 -.115 -.06 -.115
T 1 ||-.562-.751].275 2247 | .411 275 247 |.411
ecm G -.695 -.94 -.695 -.94
GE -.07 -.07
Gt 1 .355 713 | .225 77 713 | .225 77
Gy » |/.318.705
Belgium
ecm T -.838 -81 |-.77 .097|-.838 -78 |-752 .097
TE, -.085 -.067 | -.1 -.085 -.081 |-.119
TE, -.056 -.052 |-.094 -.056 -06 | -1
Tt 1 43 -139| .33 |.602 43 -139| .313 |.546
ecm G -.656 .095-.673 -.656 095 -.673
GE ;| -.067 -.063-.105 -.067 -.052 -.105
Gy 1 ||.261.372|.096 .874 | .217 |.205 .884|/.096 .874 | .264 |.268 .884
dexp -.303 |-.422
Denmark
ecm T -.885 .096 | -.872 |-.647.342||-.885 .212 | -.872 |-.647 .297
TE, -.057 -.087 -.121-.294||-.057 -.162 -121 -.279
TE, -.105 -.062 -.076
T 1 456 .386 |.865 .265||.456 .328 | .386 |.569 .587
ecm G 138 -.622 -1 ||.138 -.691 -.949
GE -.066 -.146 -.037 -.066 -.121 -.063
GE, -.062 .048 .035
Gt 1 175 933 | .128 |.058 .721||.175 .757 | .128 |.246 .517
dexp -993 .784
dconTr -.605 92 -1.43
Finland
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without dummies

with dummies for cortr. and exp.

eld T; and G; T; only| neutral | T; and G; T; only neutral
T G| T G T T G| T G T T G
ECM -.953 -.145 -.164 -.238 -.164 -.216
ecm T -.923 -.825 |-.935 -.932 -.825 |-.935
TE, 12 124
TE, 133 148
Ty 1 ||.847 486 55 |.514 627 .18 | .55 |.514
Tt 2 ||.514 13
Tt 3 139
Tt 4 |.528 -.252 -.267
ecm G 171 -512 -.879| .21 -573 -.894
GE -.079 -.057
Gt 1 .872|.067 .943 | .097 538 791 | .097 .653
Gt 2 ||-.666-.468
Gt 3 -.101 -177
Gt 4 ||--309 -.168 -.199
dexp 623 -1.24
dconTr .889
France
ecm T -.709 -.655 |-.902-.212||-.712 -.655 |-.901 -.198
TE, 125 .08 .068 .092
Tt 1 432 501 |.421-.252||.493 501 |.608
ecm G -.124 -.849 -.859 -.817 -.869
GE , -.052 -.116 -.108 -.138
GE, .056
Gt 1 ||.358 .444 527 | .172 |.092 .545 435 | 172 |-188 .243
dexp 466 .506 829 771
German y
ECM -1.01 165 165
ecm T -.842 -.961 |-.853 -.842 -.961 |-.853
TtEZ -.14 -.14
Tt 1 .398 -.234 516 .398 -.234 516
ecm G -.695 -.939 -.695 -.939
Gt 1 709 | .3 459 709 | .3 .459
Greece
ecm T -.915 -1.06 |-1.05.191]-.915 -1.06 |-.757 .191
TE, -.118 -.118 |-.228
TE, -.106 -.106 |-.143
Tt 1 275 128 283 317
ecm G - 717 -1.14/|-.067 -.717 -1.14
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without dummies with dummies for cortr. and exp.
eld T¢ and G¢ T; only| neutral | T; and G; T; only neutral
T G| T G T T G T G T T G
GEF -.109 -.109
GE , -.078 -.078
Gt 1 .09 .601| .122 134 601 | .122 134
dexp -.944
Ireland
EcM T -.739 -.141| -.676 |-.849 -.739 -.676 |-.836
TE, -.097 -.097
Ti 1 54 -183| .345 |.512-.132)| .54 345 |.671
ecm G -.799 112 -.886 -.813 111 -.881
GE, .047 .06 .065
Gt 1 329 | .158 |.193 .309 .25 158 |.202 .272
dexp -1.55 -1.76
dconTR -1.42 -.845 -1.95
Italy
ECM -.155 -.072 -.084 | -.034 -.072 -.084 | -.034
EcM T -771 -.864 |-.651.197||-.771 -.864 |-.651 .197
TE, -.223 -.22 -.207||-.223 -22  -.207
TE, -.088 -.158 -.088 -.158
Tt 1 573 -.237| .441 |.574 573 -.237| .441 |.574
Ty 2 324 .203||.324 .203
ecm G 074 -744 -.764|.074 -.744 -.764
GE -112 -112
GE , -.062 -.062
Gt 1 .543 .593 .543 .593
Gt 2 .164 .164
Gt 3 .587
Netherlands
ECM -.622 .303 .303
Ecm T -.736 -.809 | -.14 .341||-.736 -.809 |-.14 341
TtEl -.146 -.123 |-.426-.143||-.146 -.123 |-.426 -.143
TE, -.049 -121 -.049 -.121
Ti 1 376 .306 | 1.05 .404| .376 306 |1.05 .404
ecm G -.8 -.761 -.8 -.761
GE 071 147 071 147
GE , .073 .069 .073 .069
Gt 1 .368.478 501 | 174 .598 501 | 174 .598
Norw ay
ECM H .308\ .083 .083 .093
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without dummies

with dummies for cortr. and exp.

eld T; and G; T; only| neutral | T; and G; T; only neutral
T G| T G T T G| T G T T G
Ecm T -732 .166 | -.731 [-.728 .34 ||-.736 .166 | -.731 [-.797 .391
TE, -.08 -.162 -.06 -.153||-.073 -.162 -.221
TE, -.056 -.147 -.108||-.055 -.147 -.163
Tt 1 -.461 .431 407 |.557 .303|.453 407 | .54 296
ecm G -.751 .119-.705 -.751 126 -.727
GE -.14 -.205 -.14 -173
GE, -.125 -.094
Gt 1 489 549 | .156 |.105 .661 549 | .156 |.102 .626
dexp 324 449 725
Portugal
ECM .288 .666 175 175
ecm T -744 24 | -758 |-.753 -.744 24 | -758 |-.753
TE, -.098 -18 |-.131 -.098 -18 |-.131
Tt 1 -591/.402 .433 | .409 |.701 .456| .402 .433 | .409 |.701 .456
Tt 2 ||-.436-.481 .168 .168
ecm G -.633 -1.11 -.633 -1.11
GE -171 -171
GE, -.032 -.032
Gt 1 ||.297 .375|.124 267 | .08 |.055 -3 ||.124 267 | .08 |.055 -3
Gt 2 ||.168 .374|.064 -.22|.064 -.22
Spain
ecm T 732 -.548 |-.572.165||-.712 -548 |-.572 .187
TE, -.077 -.099| -.18 |-.205-.162-.096 -.099 | -.18 |-.205 -.128
TE, -.093| -.078 |-.078 -.09 -.093 | -.078 |-.078
Tt 1 716 704 |.825 724 704 |.825
ecm G -.657 107 -.524 -.657 107  -.559
GE -.152|| .039 -132
GE, -.079 -.06
Gt 1 706 | .197 | .19 1.06 706 | .197 | .19 1.07
dCONTR 312 767
Sweden
ECM .2761-.034 .086 -.03 .093||-.034 .086 -.03 .087
ecm T -.692 .111 | -.67 |-.808 -.715 .111 | -.673 |-.808
TE, -.099 -.086 |-.116 -.076 -.076 |-.116
Tt 1 -.553| .553 573 |.515-.091)| .573 564 |.515 -.151
ecm G -.743 -.881 -.743 -.878
GE ;| -.094 -.094
GE, -.029 -.029
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without dummies

with dummiesfor cortr. and exp.

eld T¢ and G; T; only| neutral | T; and G; T; only neutral
T G T G T T G T G T T G
Gt 1 423 (.063 .701 | .104 .654 701 | .139 716
dexp 575 -.67
dconTr .238
United-Kingdom
ECM 435
Ecm T -.883 .175 | -.675 |-.942-.21 ||-.883 .175 | -.897 |-.942 -.21
TE, -.085| -.159 -.085
TE, -.076 .08 .08
T 1 .284 .19 | .618 |.429 -.23|.284 .19 | .507 |.429 -.23
ecm G -.78 -.699 -.78 -.699
GE -.146 -.146
Gt 1 .385 467 | .139 .86 467 .86
dexp 791
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B Instructions to the experiment

The experiment was conductal in German. In this section you nd a trans-
lation of the instructions:

1. Pleaseread the instructions carefully. Only if you have understood
them well you can successfullyparticipate in the experimert and gain
money

2. Thereafter Il in the questionnaireat the screen.

Welcome to the strategy experiment

Welcometo the strategy experimert

This strategy experimert is nanced by the University of Mannheim and
the Germanreseart council.

The instructions are simple, and if you carefully pay attention to it and
decide deliberately, you will win a considerableamourt of money which is
disbursedto you at the end of the game.

The paymen is dependernt on your success.n the experimert you fore-
castthe dewelopmen of public expendituresand taxation in se\eral European
courtries. For that purposethere are past data about budget debt, annual
changeof budget debt, governmert expenditure and taxesmadeavailable for
you. Dependert on the quality of your forecastyou receive a paymert for
eat period.

Pleasenote that we do not have any interest in paying lessmoney than
you are ertitled to. We must return all the money which we do not disburse
to you, to the Germanreseart council.

Pleasenote that we will not deceiwe you in this experimert. Everything
you read in theseinstructions is correct. You may take this for granted, but
actually there are occasionallyexperimerts in psydology, where experimert
participants are deceied about parts of the experimert. This is not the case
in economicexperimerts like this. In the beginning we explain exactly the
rules to you, and we will alsoadhereto them.

Rules

Youwill play seweral roundsin turns. In ead round it is your task to forecast
the dewelopmen of two variables. Thesevariablesreferto the dewelopmen of
governmert expenditure and taxesin seweral European states between 1950
and 2000. Which statesyou play in ead casewill be speci ed randomly and
is not made known to you. Thesedata are shovn graphically.
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Top of the screen
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On the left you can seethe dewelopmert of the budget debt and annual
changeof budget debt, eat in per cent of the grossnational product. The
horizortal axis shows time in years. You may use this data to obtain a
referencepoint how governmen expenditure and taxes will changein the
future. Current periods are shovn in bladk, past periods are shovn in gray.

On the right you can seethe governmert expenditure and taxes, again
as percernage share of the grossnational product. The vertical axis shavs
governmert expenditure, the horizontal axis shows taxes. Governmen ex-
penditure is higher than taxes above the red diagonal; below, governmen
expenditure is lower than taxes. Past periods are shown in a lighter shadeof
gray than currert periods.

Partial representation of the past development Youcanpresein your-
selfalsoonly onepart of the past periods to get a better overview.

In order to do so click on the diagramsbudget debt and annual change
of budget debt. In these diagramsthe range to the right of your click is
covered black. Also in the diagram of governmernt expenditure and taxes
the covered periods are not shovn. Eadh click onto the black range of the
diagramsbudget debt and annual changeof budget debt uncoversoneperiod
after another. A click on the blue range uncovers all periods.
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Forecasts In order to make a forecastabout the dewelopmen of govern-
mert expenditure and taxes, click onto the white range. Your forecastis
shown in blue.

Staatsverschuldung Staatsausgaben
41 23
40 2z
33 )\ 21
8 .‘ 20
37 13
0 2 4 6 Zeit 18 =

; 17
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/ 16

15

14
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il
D =

1z

12 13 14 15 16 17 18 13 20 24 22 23 Steuern

If you are content with your forecast, pleaseconrm it by clicking on
conrm forecasd. If you want to correct your forecast, pleaseclick on
delete forecast]

Payment Givenyour forecastthe computer determinesa consumptionde-
cision, which would be optimal for a personwho livesin the period. From
your consumption-decisiongou derive a certain utilit y. This utilit y is com-
paredwith the utilit y you would have obtained if you had forecastedthe true
future dewelopmen of taxes and governmert expenditure.

You receive a wage of 0.45 per minute for a correct forecast. Worse
forecastsresult in smaller wages.

It is worth to spend sometime to make a good forecast. Example: You
need2 minutes in order to make a very good forecastand thereforereceiwe
wagesof 0.45 per minute. Your incomein the 2 minutesis thus 0.90= .

Another person,who makesforecastsfor e.g.4 periodsin these2 minutes,
which are not sogood, may only receive a wageof 0.10= per minute for eath
forecast. The incomeof this personin the 2 minutes is thus only 0.20a .

You should settle your forecastwithin 2 minutes. If you needmoretime
for a forecast,you are paid only for the rst 2 minutes.

A warning on the left side will remind you, as scon as you need more
than 2 minutes.

Furthermore you get a list about the incomeof your past forecastson the
left side.

Duration of the experiment The experimert takes90 minutes, regard-
lesswhether you made many or few forecastsin this time. That requires,
howeer, that you take yourself at least 20 secondstime for ead forecast
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on the average. If you take yourself lesstime, you are nished with the
experimert sooner, but earnfewer money accordingly

Should you have any questions,you now have the opportunity to ask
them. In addition, you canask questionsat any time during the experimert.

App endix to the instructions

To determineyour payo we usethe following model. It is not necessary
to understand this model to participate successfully in the experi-
ment. The model is shovn only in caseyou want to cortrol us.

In two subsequen periods you consumecy, and ¢; and pay taxestg, t;.
You save the remaining part:

s=1 ¢ ti (12)

Your total incomein eat period is Y = 1 (note that all valuesare relative
to the grossdomesticproduct Y).
We call government expenditure g,. Then your utilit y in two subsequen
periods is
Xt
u= ¢+ g (13)
i=0
In your case = 0:75.
Your budget restriction is

Xt .
s (1+r)=0 (14)

i=0

with an interestrate r = 0:1.

Basedon your forecastfor t; and g; we determineyour optimal consump-
tion .

In the next period t; und g, are realised. Your actual consumption c;,
and, hence,your utilit y u, follows from the budget restriction. This utilit y is
comparedwith the utility u that you could have obtained with the correct
forecastfor t; and g;. Your wageis (u=u) . In your case = 12000. This
normalisation doesnot changeyour utilit y maximisation problem.
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