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Abstract

We explain the computer-based approach to the teachingoobetetrics used in Oxford from
the elementary to the advanced. The aims are to enable ssutdecritically evaluate published
applied studies and to undertake empirical research incgnims. The unified theoretical frame-
work is that of likelihood, using likelihood-ratio testsrfimference and evaluation, and focusing on
developing well-specified empirical models of interes&egnomic issues. A sequence of increas-
ingly realistic models is developed from independent, iafly distributed binary data through to
selecting cointegrated equations in the face of struchredks—in a one-year course.

Preface by David Hendry

Although my first interchanges with Clive Granger involvedsadjreements over modeling non-
stationary economic time series, that stimulus led to himoias formulation of the concept
of cointegration, and associated developments in ecommmetodeling (see ?, ??, ?, ??, and
http://nobelprize.org/nobgbrizes/economics/laureates/2003/granger-lecture jpased on ?, ??, and
?, ??). Clive was already well known both for his ideas on alitys(see ?, ??, appraised in ?, ??,
and distinguished from exogeneity in ?, ??), and for re-asging the dangers in applying static
regression models to integrated data (in ?, ??, followirangering research by ?, ??). From my
first visit to the University of California at San Diego in 1®7where Clive had moved in 1974, our
friendship blossomed, built around a common desire to invgthe quality of econometric model
building, especially by a better match to the empirical ewick: Clive’s contributions to doing so have
been one of the most successful research programmes inreeties, and are a lasting contribution
(for formal Obituaries, see ?, ??, and ?, ??). My own appréaaised on implementing modeling
methods, and led to our only joint publication (?, ??), dising automatic modeling. Clive also kept
the theory of economic forecasting under the spotlight wihems not in fashion (see ?, ?, ???), another
interest we had in common (including our accidentally achgpthe same title in ?, ??). In addition to
his astonishing creativity and innovative ideas, Clive wasaster of written and presentational clarity,
so we also shared a desire to communicate both with stud€fite (supervised a large number of
successful doctoral students) and colleagues on a wodd-tasis. The paper which follows develops
modeling ideas in the teaching domain, where major chamgesw we explain and teach econometrics
to the next generation could further enhance the qualitly which econometrics is applied to the many
pressing problems facing the world.

*The background research has been financed by the United étimgatonomic and Social Research Council through the
funding of RES-062-23-0061 and RES-000-27-0179. We arehtedl to Jennifer L. Castle, Jurgen A. Doornik, Vivien L.
Hendry for many helpful comments on a previous draft, to iEzand Jurgen for many invaluable contributions to the netea
and software, and in memory of Clive Granger’s long-ternative stimulus.



1 Introduction

There are six reasons why now is a good time to review the iegaf econometrics. Over the last
quarter century, there have been:

(1) massive changes in the coverage, approaches, and methecbnometrics;

(2) huge improvements in computer hardware and computdtioethods;

(3) improvements to software, data, and graphics capabilitvhich have been at least as impressive;
(4) considerable advances in teaching methods, from matiexhderivations written on blackboards,
through overheads to live computer projection;

(5) few discussions of computer-based teaching of econaraedince ? (?)? proposed an approach
based on PcGive (?, ??, describe its history);

(6) new approaches to teaching econometrics (see e.g), @nthasizing empirical modeling.

The last is the focus of this paper, where every student ightawhile having continuous com-
puter access to automatic modeling software (in Oxfordetham ?, ??, within OxMetrics: see ?, ?7?).
Computer-based teaching of econometrics is feasible lvalls, from elementary, through intermedi-
ate, to advanced. We cannot cover all those aspects, andnllbriefly describe how we teach the
first steps in econometrics, noting some tricks that helgimestudent interest, before moving on to
model selection in non-stationary data. Such ideas can lBye@ommunicated to less mathematically
oriented undergraduates, enabling them to progress inrdnpea introducing independent, identically
distributed (ID) binary data to selecting cointegrated equations in the éistructural breaks.

At the outset, we assume no knowledge of even elementaigtstalt theory, so first explain the
basic concepts of probability; relate those to distritngicdfocusing on location, spread and shape; turn
to elementary notions of randomness; then apply these tdedistributions of statistics based on data.
There are six central themes:

e likelihood;

testing assumptions;

economically relevant empirical applications;
mastery of software to implement all the procedures;
an emphasis on graphical analysis and interpretation;
rigorous evaluation of all ‘findings’.

Derivations are only used where necessary to clarify thpgates of methods, concepts, formu-
lations, empirical findings, and interpretations, but aBoultaneously upskill students’ mathematical
competence. By adopting the common framework of likelihomace that fundamental idea is fully
understood in the simpleBD binary setting, generalizations to more complicated n®det data gen-
eration processes (DGPs) follow easily. A similar remargligg to evaluation procedures, based on
likelihood ratio tests: the concept is the same, even thahgHdistribution may alter with more com-
plicated and realistic DGPs with time dependence, noiesiaty features etc. (which include changes
in means and variances as well as stochastic trends). Theythed empirical sections of the course
proceed in tandem. Once a given statistical or econometea has been introduced, explained and
illustrated, it is applied in a computer class where evangant has their own workstation on line to the
database and software.

Sections 2 and 3 describe the first steps in theory and peaetipectively, thefd discusses regres-
sion analysis graphically and as a generic ‘line-fittingltoT hose set the scene for introducing simple

1These have, of course, been ongoing from hand calculatibits start in the 1930s, through punched card/tape-fed
mainframe computers, workstations, to powerful PCs antbjzp



models and estimation ib, leading to more general models§i, and model selection i§7. Section
8 notes some implications for forecasting—Clive’s otheaginterest—ang9 concludes.

2 Theory first steps

To introduce elementary statistical theory, we consideatyi events in a Bernoulli model with inde-
pendent draws, using sex of a child at birth as the examplés alltows us to explain sample versus
population distributions, and hence codify these notiordistribution functions and densities.

Next, we consider inference in the Bernoulli model, disiwg®xpectations and variances, then
introduce elementary asymptotic theory (the simplest l&lai@e numbers and central limit theorem
for 1ID processes) and inference.

Itis then a small generalization to consider continuougates, where we use wages;J in a cross
section as the example. The model thereof is the simplest naerelyw; = 5+ u;, wheres is the mean
wage andu; characterizes the distribution around the mean. Havirepéshed that case, regression is
treated as precisely the same model, so is already familfars, building on the simple estimation of
means leads to regression, and hence to logit regressidithan on to bivariate regression models.

2.1 The way ahead

In the lectures, regression is applied to an autoregressiagysis of the Fulton fish-market data from
? (?)?. The natural next step is to model price and quantitylyoas a system, leading to simultaneity

and identification, resolved using as instruments dumnoesstructural breaks’ induced by stormy

weather at sea. In the system, over-identified instrumemt@hbles regression is simply reduced-rank
regression. This makes it easy to move on to unit roots angtarsyanalysis of cointegration, picking

up model selection issues en route, and illustrating theryhiey Monte Carlo simulation experiments.

Thus, each topic segues smoothly into the next.

3 Empirical first steps

Simultaneously, we teadbxMetricsandPcGiveso that students can conduct their own empirical work.
Here, we focus on the computer-class material, which mavesiallel, but analyzes different data
each year. We have collected a large databank of long hiatdime series from 1875-2000 (available
at http://press.princeton.edu/titles/8352.htrahd offer the students the choice of modeling any one of
the key series, such as the unemployment rate (derigfedyross domestic producy,(where a lower-
case letter denotes the log of the corresponding capitdate inflation (Ap, where P is the implicit
deflator ofG), or real wagesy — p). We assume students chdsg leading to a classroom-wide dis-
cussion of possible economic theories of unemploymentdasmind supply and demand for a factor
of production—but replete with ideas about ‘too high reayjes, ‘lack of demand for labour’, ‘techno-
logical change’, ‘population growth’, ‘(im)migration’trade union power’, ‘overly high unemployment
benefits’ etc.—as well as the relevant institutions, iniclgccompanies, trade unions and governments.
An advantage of such a long-run data series is that many velgims are easily rebutted as the sole
explanation, albeit that one can never refute that they negydbt of the story.

The next step is to discuss the measurement and sourcesaofodatnemployment and working
population, then get everyone to graph the levdlp{here byOxMetricsas in fig. 1). It is essential to
carefully explain the interpretation of graphs in considiée detail, covering the meaning of axes, their
units, and any data transforms, especially the roles angepties of logs. Then one can discuss the
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Figure 1 Graph of historical data on UK unemployment rate.

salient features, such as major events, cycles, trendsraalldy leading to a first notion of the concept
of non-stationarity, an aspect that Clive would have likiéds also easy to relate unemployment to the
student’s own life prospects, and those of their fellowzeitis. Everyone in the class is made to make a
new comment in turn—however simple—about some aspect @rtph, every time. Nevertheless, it is
usually several sessions before students learn to metigoaxes’ units first.
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Figure 2 General comments about unemployment rate.

We aim to produce students who will be able to critically iptet published empirical findings, and
sensibly conduct their own empirical research, so one ddmesse difficulties such as non-stationarity
and model selection. The non-stationarity visible in whateseries is selected is manifest(e.qg., fig. 1),
including shifts in means and variances, any ‘epochs’ ofkedly different behaviour, and changes in
persistence. Figure 2 shows possible general commentseaség. 3 adds specific details, most of
which might arise in discussion. Thus, a detailed knowleolgine historical context is imparted as a
key aspect of modeling any time series. This also serves/gal¢hat most of the major shifts are due
to non-economic forces, especially wars and their aftedmmat
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Figure 3 All comments about unemployment rate.

Next, the students are required to calculate the diffeent€, ;, namelyAU, , = U,.,—U, ;1 and
plot the resulting series as in fig. 4. Again, everyone is@s@iscuss the hugely different ‘look’ of the
graph, especially its low persistence, constant mean of, ze1d how it relates to fig. 1, including the
possibility that changes in the reliability and coverag#hefdata sources may partly explain the apparent
variance shift, as well as better economic polieyU,.; is clearly not stationary, despite differencing,
another key lesson.
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Figure 4 Changes in the unemployment rate.

3.1 Theory and evidence

A further feature of our approach is to relate distributioassumptions to model formulation. The
basic example is conditioning in a bivariate normal disitiin, which is one model for linear regres-
sion. In turn that leads naturally to the interpretationilnéar models and their assumptions, and hence
to model design, modeling, and how to judge a model. Herekdéyeconcepts are a well-specified



model (matching the sample distribution), congruence(adatching the substantive context), exogene-
ity (valid conditioning), and encompassing (explaining gestalt of results obtained by other models of
the same phenomena). These are deliberately introduchdosavhen only a few features need to be
matched, as they will be important when models become lamgygmore complicated, usually requiring
computer-based automatic selection.

In fact, it is difficult to formulate simple theoretical mddeof unemployment with any ability to
fit the long non-stationary sample of data in fig. 1. Consetjyeto start down the road of linking
theory and evidence in a univariate model, we postulate ldégegrowth’ explanation for deviations of
unemployment from its historical mean, so assume &hatis non-integrated yet non-stationary. The
measure of the steady-state equilibrium determinant &gy :

di = Rpt — Apy — Ag; (1)

whereRy, ; is the long bond rate: precise definitions of the data areigeovin ? (?)?, who also develops
amodel based on (1). When the real cost of capital ; — Ap;) exceeds the real growth rafey;, then
d; > 0 so the economy will slow antl,. ; will rise; and conversely whed; < 0, soU,.; will converge
to its historical mean fod; = 0. Of course all the variables in (1) are jointly determinedhw,. ; in
any equilibrium, so the resulting ‘explanation’ is condiital, but allows a simple yet viable model to be
developed, with the possibility of later extension to a iwaliate setting.

As ever, we first look at the graphs of each series as in fig. fih déscuss their properties, then
considerd, in relation toU, , in panel b (where the series are adjusted for means and rengesimize
the visual correlation).
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Figure 5 Graphs ofR;; — Ap; andAgy; U, andd;.

4 Regression concepts

Once regression theory has been explained, it is easitriited by a scatter plot, as in fig. 6a. Adding
a single line allows one to explain the slope and intercegplgically. By further adding the projections



from the data to the line, least squares can be understoodllyigs the line that minimizes the squared
deviations: see fig. 6b. Such graphs now reveal that/then d; relation is fine in the tails, but ‘erratic’
in the middle.
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Figure 6 Scatter plots and regressionsigf; ond;.

Having established the basics of regression, a more péngtenalysis moves on to the five key
concepts that underpin linear regression interpreted rditianing in a bivariate normal distribution:

exogeneity of the regressor;
1D errors;

normality;

linear functional form;
parameter constancy.

Failure on any of these induces model mis-specification, liketihood ratio, or equivalent, tests
of the corresponding assumptions can be introduced. At sacfe, we relate the maths derivations as
needed for understanding the graphs—but always using tthe kasic principles: data graphs suggest a
putative DGP and hence a model of its distribution functieading to the likelihood function. Maxi-
mize that likelihood as a function of the postulated paramsetobtaining an appropriate statistic from
the score equation, and derive its distribution. Finalpplg the resulting method to the data, interpret
the results and evaluate the findings to check how well theéeede matches the assumed DGP. The
same approach is just applisdriatimto ever more complicated cases.

4.1 Regression as ‘non-parametric’

To ‘demystify’ regression analysis as just line fitting, tke ‘pen’ inOxMetricsto have each students
write his/her name on a graph, then run a regression thraugtee fig. 6¢. The pixels are mapped
to world coordinates (which can be explained using the geapéditor), so become ‘data’ in th&/(;,

d;) space, and hence one can estimate a regression for that.sGlomsequently, projections can even
be added to the signature regression. Most students aiguedr by this capability, and many gain
important insights, as well as being amused.
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Figure 7 Regressions fol/, ; ond; for each tenth of the data.

Next, show how to join up the original data points to creatbillips’ loops” (see ?, ??), tracing out
the dynamics as in fig. 6d. This serves to highlight the alsenthe time dimension from the analysis
so far, and is a convenient lead into taking account of sdgpendence in data.

Many routes are possible at this point—one could furtheifgléhe underlying concepts, or models,
or methods of evaluation. We illustrate several sequerdessions graphically as that leads to recur-
sive methods for investigating parameter constancy: seé fif§lternatively,OxMetricsgraphs provide
an opportunity to introduce the basics of LaTex by namingaldes, as shown in the graphs here, or
by writing formulae on the figures. Even minimal LaTex skillgl prove invaluable later as estimated
models can be output that way, and pasted directly into gt reports (as used below).

4.2 Distributions

Graphics also ease the visualization of distributions.ttilp the histograms ot/,.; and AU,.; with
their interpolated densities yields fig. 8. Such figures caruged to explain non-parametric/kernel
approaches to density estimation, or simply described ssadthed’ histogram.

More importantly, one can emphasize the very differentuiesst of the density graphs for the level
of U,.; and its change. The former is like a uniform distribution-ayaalues are roughly equally likely.
The distribution forAU,.; is closer to a normal with some outliers. Thus, differencafigrs distri-
butional shapes. This can be explained asuheonditionaldistribution ofU,.; versus its distribution
conditional on the previous valueo panel b is plotting the distribution of the deviationlgf; from
Uri—1.

4.3 Time series and randomness

That last step also serves to introduce the key concept efanmfomness. Regression subsumes corre-
lation, which has by now been formally described, so can bd tsexplain correlograms as correlations
between successively longer lagged values: fig. 9 illussrat
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The plots reveal thal/, ; has many high autocorrelations—indeed the successiveatgtations
almost lie on a downward linear trend—wheress,. ; has almost no autocorrelation at any lag. Thus,
changes i, ; are ‘surprise-like”: again this comparison highlights thge difference between uncon-
ditional and conditional behaviour. In turn, we can exptbé different behaviour at/, ; and AU,.; to
introduce dynamics, by plotting, ; against its own lad/, ;1 then graphically adding the regression,
as in fig. 10a (and panel b féU, ;).

4.4 Well-specified models

Now one can explain well-specified models as needing all thpegsties of the variables in a model

to match simultaneously—in terms of dynamics, breaksribigtons, linear relations, etc.— otherwise

there will be systematic departures from any claimed pt@serTests of each null hypothesis are then
discussed, albeit using Lagrange multiplier approxinkatests rather than likelihood ratio, namely:

F.r for k*-order serial correlation as in ? (?)? and ? (?)?;



10

015 | = = U . xU

S

0.10; T .
0-05; 2 M tHTlILf -! F/&
i

e i
1 T N S E N R N N R B S I I B
0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 011 0.12 0.13 0.14 0.15

0.1

°° AUr,tXAUr,t—l‘ b

0.05

0.00"

-0.05-

P S S S T I S I S T A i E SIS R |
-0.05 -0.04 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

Figure 10 Unemployment raté/, ; and its change regressed on their own first lag.

Fhet fOr heteroskedasticity as in ? (?)?;
Freset fOr functional form following ? (?)?);
Farch for k"-order autoregressive conditional heteroskedasticitynf? (?)?;
Fchow fOr parameter constancy oveiperiods as in ? (?)?; and
x24(2) for normality (a chi-square test: see ?, ??).
Below * and** denote significant at 5% and 1% respectively.
Having established the basics, the scene is set for forrtialasn of a regression.

5 Model estimation

Estimating the static or long-run (later interpreted asritaprated’) relation,; = By + B1d: + et
yields:

Uy = 0050 + 0.345dy )
(0.003) (0.052)

R? = 0.26 ¢ =0.0315 Foum(1,126) = 44.64**

Here,R? is the squared multiple correlatiofjs the residual standard deviation, and coefficient stahdar
errors are shown in parentheses. The Eesly is for significance of the general unrestricted model,
that is the joint significance of all regressotg)(apart from the intercept. The estimates suggest that
unemployment rises/falls as the real long-run interest rmtabove/below the real growth rate (i.e.,
d; < 0). All the assumptions are easily tested, yieldifg(2,124) = 180.4**; Faen = 229.9;
Freset(1,125) = 0.33; Fper(2,123) = 2.62; x2,(2) = 15.0**. These tests show that the model is
poorly specified.

Figure 11 records the fitted and actual values, their criss{he residuals scaled [y, and their
histogram and density witN[0,1] for comparison, visually confirming the formal tes@nce again, it
is clear that the model is badly mis-specified, but it is neacwhich assumptions are invalid. However,
we have now successfully applied the key conceptedauals
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Figure 11 Graphical output front/, ond.

5.1 Simple dynamic models

Another univariate model worth illustrating is that@f; onU, ;—1, namelyU, ; = vy + 71Uy -1 + €.
This form was implicit in fig. 10—and can also be related toghdier graphs foAU,. ;:

Uy = 0006 + 0.887 Upy @)
(0.003) (0.040)

R = 0.79 5 =0.017 Fgum(1,126) = 485.7**
24(2) = 33.0"™ F,(2,124) = 3.8" Foen(2,124) = 0.55
Fhet(2,123) = 0.42 Freeer(1,125) = 0.01

Most of the mis-specification tests are considerably imgdowut the model in (3) is still mis-
specified, with an obvious outlier 1920, as fig. 12(b) shows. The long-run solution in (3)i806/(1—
0.887) or 5.3% unemployment—which is close to the intercept in (2)—andoalgh one cannot in fact
reject the hypothesis of a unit root, that provides an opdtt to explain the rudiments of stochastic
trends, possibly illustrated by Monte Carlo simulationtod tull distribution.

However, this is crunch time: having postulated our modéthe DGP, we find strong rejection
on several tests of specification, so something has gonegwrdfultiple testing concepts must be
clarified: each test is derived under its separate null, bstiming all other aspects are well specified.
Consequently, any other mis-specification rejectionsraglitt the assumptions behind such derivations:
once any test rejects, none of the others is trustworthy@asbumptions underlying their calculation
are also invalidated. Moreover, simply ‘correcting’ anyegoroblem—such as serial correlation—need
not help, as the source may be something else altogethér,asuysarameter non-constancy over time.
A more viable approach is clearly needed—-leading to geitersimple...
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Figure 12 U, onU,;_; graphical output.

6 More general models

It is time to introduce a dynamic model which also has regnsssnesting both (3) and (2), namely
Urt = Bo + B1di + BoUri—1 + B3di—1 + vy Estimation delivers:

Uy = 0007 + 024d;+ 086 Up;—1— 0.10 dpyq 4)
(0.002) (0.03) (0.04) (0.03)

R? = 0.88 5 =0.013 Fgum(3,123) = 308.2"* Far(2,121) =2.5
XCg(2) = T.2° Faen(1,121) = 3.1 Fpee(6,116) = 4.2 Freeee(1,122) = 4.2*

Although (4) is not completely well-specified, it is again chubetter, and certainly dominates both
earlier models, aE-tests based on the ‘progress’ option@xMetricsreveal. While illustrating pro-
gressive research, the exercise also reveals the ineffjcarcommencing with overly simple models,
as nothing precluded commencing from (4) Assuming comatémn has been explained, one can show
that a unit root can be rejected in (4),( = —3.9** on the PcGive unit-root test: see ?, ??, and ?, ??), so
U, andd are ‘cointegrated’ (or co- breaklng, asin ?, ??). Next, tdmgirun solution can be derived by
taking the expected value of the error as zero, and settengetlels to constants such that:

(1= By) Uy = By + (B1 + B3) d7,

Sso: 8 8, 48
U: _ 0 + 1 Sd*
1=0y  1=P,
which yieldsU;* = 0.052 + 1.02d* for the estimates in (4). The coefficient@ft unity is much larger

than that 0f0.35 in (2), and suggests a one-for-one reaction in the long run.
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Figure 13 Generall/, ; model graphical output.

6.1 Extensions

There is as much to discuss as ones desires at this stagexaraple, there are few outliers, but there
are some negative fitted values (suggesting a logit foriematvhich may also attenuate the residual
heteroscedasticity). Challenge students to formulatzradtive explanations, and test their proposals
against the evidence—and see if they can encompass (4)playreng its performance from their model.
One can also check model constancy by formal recursive rmetHmilding on the earlier graphical
approach. Figure 14 records the outcome for (4): despitapiparently ‘wandering’ estimates, the
constancy tests—which are scaled by their 1% critical &lde not reject. It is surprising that such
a simple representation as (4) can describe the four distipochs of unemployment about equally
accurately.

7 Model selection

Having shown the dangers of simple approaches, genesgdafic model selection needs to be ex-
plained. In a general dynamic model, one cannot know in azb/avhich variables will matter: some
will, but some will not, so selection is required. Indeedy #est followed by a decision entails selec-
tion, so in empirical research, selection is ubiquitousyéner unwilling practitioners are to admit its
existence. ‘Model uncertainty’ is pandemic—every aspéetnoempirical model is uncertain, from the
existence of any such relation in reality, the viability @fydcorroborating’ theory, and the measure-
ments of the variables, as well as the choice of the speddicaind every assumption needed in the
formulation, such as exogeneity, constancy, linearityeprendence etc. One must confront such issues
openly if graduating students are to be competent pracét

It is feasible to sketch the theory of model selection in thgo$est case. We use the idea of choosing
between two decisions, namely keeping or eliminating saldei where there are two states of nature,
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Figure 14 U, model recursive output.

namely the variable is in fact relevant or irrelevant in thetting. The mistakes are ‘retain an irrelevant
variable’ and ‘exclude a relevant variable’, akin to proiiaes of type | and Il errors. Consider the
perfectly orthogonal, correctly specified regression niode

Yyr = Brz1e + Bozas + € (5)

where all variables have zero meah$;; ;2] = 0, the 5, are constant, ang ~ IN [0, aZ]. Denote
the t?-statistics testingddy: B; = 0by t2, and letc,, be the desired critical value for retaining a variable
in (5) whent? > ¢2. When either (or both)p; = 0 in (5), the probability of falsely rejecting the
null is determined by the choice of,—conventionally set fronax = 0.05. There is a 5% chance of
incorrectly retaining one of the variables tn but a negligible probability(,0025) of retaining both.
When one (or both}; # 0, the power of the?-statistic to reject the null depends on the non-centrality
CHAY [B]} ~ Tf}02, Jo? whereE[},] = o2 : this can be evaluated by simulation. Thus, all the factors
affecting the outcome of selection are now in place.

7.1 Understanding model selection

The interesting case, however, is generalizing to:

N

ye= Bizig+e (6)

i=1

whereN is large (sayt0). Order theN samplet?-statistics as%N) > t%N+1) > .. > t(QI), then the
cut-off between included and excluded variables is givertfpy > ¢ > t7,_,), son are retained
andN — n eliminated. Thus, variables with larg&rvalues are retained on average, and all others are
eliminated. Importantly, only one decision is needed tedethe model even foN = 1000 when
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there are2'%% = 103%! possible models. Consequently, ‘repeated testing’ doescrur, although
path searches during model reduction may give the impmresdicepeated testing’. Moreover, when
N is large, one can set the average false retention rate atrefevant variable by setting = 1/, so
aN =1, at a possible cost in lower correct retention.

Of course, there is sampling uncertainty, astﬂwre statistics with distributions, and on any draw,
those close ta2 could randomly lie on either side—for both relevant andléwent variables. It is
important to explain the key role of such marginal decisiomspirical t>-values close to the critical
valuec? are the danger zone, as some are likely to arise by chancedtaviant variables, even when
« is as small a%).001. Fortunately, it is relatively easy to explain how to biasreot the resulting
estimates for sample selection, and why doing so drivesasts where? just exceeds? close to zero
(see e.g. ?, ??).

Students have now covered the basic theonpatbmetricg(see ?, ??), and, despite their inexperi-
ence, can start to handle realistically complicated modeiisg automatic methods, which has led to a
marked improvement in the quality of their empirical workewrtheless, a final advance merits dis-
cussion, namely handling more variables than observatiottse canonical case of impulse-indicator
saturation.

7.2 Impulse-indicator saturation

The basic idea is to ‘saturate’ a regression by addinigdicator variables to the candidate regressor
set. Adding allT’ indicators simultaneously to any equation would genergiergect fit, from which
nothing is learned. Instead, exploiting their orthogagakdd half the indicators, record the significant
ones, and remove them: this step is just ‘dummying @2 observations as in ? (?)?. Now add the
other half, and select again, and finally combine the refuta the two models and select as usual. A
feasible algorithm is discussed in ? (?)? for a simple locasicale model where; ~ 11D [1, 02], and
is extended to dynamic processes by ? (?)?. Their theoremsdthat after saturatior is unbiased,
andaT indicators are retained by chance on average, sa fer 0.01 and7" = 100, then1 indicator
will be retained by chance under the null even though thexerare variables than observations. Thus,
the procedure is highly efficient under the null that theeeray breaks, outliers or data contamination.
Autometricsuses a more sophisticated algorithm than just split halges, ?, ??), but the selection
process is easily illustrated live in the classroom. Heresta€t with 2 lags of botli/,. ; andd; and set
a = 0.0025 asT = 126. Selection locates 8 significant outliers (1879, 1880, 18808, 1921, 1922,
1930, and 1939: the 19century indicators may be due to data errors), and yieldsrémorting the
indicators)?

Uy = 0004 + 015di+ 129U 1 — 0.09d1— 0.39 Upys 7)
(0.0015) (0.02) (0.06) (0.02) (0.06)
R? = 0.95 6 =0.008 F,(2,111) = 1.59

X24(2) = T.98° Farcn(1,1249) = 0.09 Fpee(14,103) = 1.03 Frege(2,111) = 1.41

The long-run solution from (7) i8/ = 0.05 + 0.62d* so has a coefficient of that is smaller than in
(4). However, no diagnostic test is significant other tharmadity, and the model is congruent, other
than the excess of zero residuals visible in the residuaiten

2Three more indicators for 1887, 1910 and 1938 are retainad=a0.01, with a similar equation.
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Figure 15 Graphical description of final model &f, ;.

7.3 Monte Carlo of model selection

How to evaluate how well such general-to-specific modelcsiele works? Everyone in the class gen-
erates a different artificial sample from the same DGP, wiingy design as a group, then they all
apply Autometricsto their own sample. Pool the class results and relate theoogs to the above
theoretical ‘delete/keep’ calculations—then repeat aséo/tighter selection criteria, with and without
impulse-indicator saturation to see that the theory matthe practice, and works.

7.4 Evaluating the selection

At an advanced level, exogeneity issues can be exploreddimasimpulse-indicator saturation applied
to the marginal model for the supposedly exogenous varigee ?, ??). Here, that would bg so
develop a model of it using only lagged variables and indicatAutometricgakes under a minute from
formulation to completion at (say) = 0.0025, as for (7).

dt - 055 dt,1 - 016 11915 - 013 11917 + 024 ]1921
(0.05) (0.03) (0.03) (0.03)
+ 0.12 I1go6 + 0.10 I1931 — 0.14 Iig40 — 0.09 1975 (8)
(0.03) (0.03) (0.03) (0.03)

G = 0.028 Far(2,116) = 1.32 Fen(1,124) = 0.19
Ca(2) = 220 Fre(2,116) = 4.72° Freeer(2,116) = 4.52*

Only the indicator forl192; is in common, and the remainder are not, so must all co-bretk (\%).

All the dates correspond to recognizable historical eveatseit that other important dates are nor
found. Even that for 1921 (one of most eventful years for th@ i3 0.056 in (7) as against 0.24 in
(8), so does not suggest that a break in the latter is commatacido the former, which would violate
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exogeneity. Adding the indicators from (8) to (7), howewsliversF(6,107) = 4.28** so strongly
rejects exogeneity, even beyond the 0.0025 level used éctiah. The main ‘culprit’ is 1975 (which
was omitted from (7) byAutometricsas it induced failure in several diagnostic tests), butr@ggngly,
the long-run solution is now,” = 0.042 + 1.02d* so is back to the original. None of the indicators
from (7) is significant if added to (8).

8 Forecasting

First, one must establish how to forecast. Given the uneynpéat equation above, for 1-step forecasts,
U, dr are known, the past indicators are now zero,dut; needs to be forecast if (7) is to be used
for U, r41. Thus, a system is needed, and is easily understood in ttag@ssof forecasting;; from

(8):

dry1 = 0.55 dp 9)
(0.05)
and use that in:
ﬁr,T-{—l = 0.004 + 0.15 C/Z\T_H + 1.29 Ur,t — 0.09dr— 0.39 Ur,T—l (10)
(0.0015) (0.02) (0.06) (0.02) (0.06)

Brighter students rapidly notice that the net effectdain the forecast outcome is essentially zero as
substituting (9) into (10) yield8.55x 0.15—0.09 = —0.0075. Thus, the forecast model is no better than
an autoregression i, ;. Indeed simply selecting that autoregression delivedi¢ators not reported):

Uy = 129 Upyy — 0.34 Upys
(0.06) (0.06)

with & = 0.0096. This is the first signpost that ‘forecasting is different’.
That ‘vanishing trick’ would have been harder to spot whenrttodel was expressed in equilibrium-
correction form to embody the long-run relaties= U,. — 0.05 — d as a variable:

AU,; = 037 AUpyy + 017 Ady — 0.07 ey
(0.05) (0.02) (0.02)

Since multiple breaks have already been encountered, &sg ® explain the real problem con-
fronting economic forecasting, namely breaks. Simplyapaiating an in-sample estimated model (or
a small group of models pooled in some way) into the futurerisky strategy in processes where loca-
tion shifts occur. Here, the key shift would be in the equili;m mean of 5% unemployment, and that
has not apparently occurred over the sample, despite thg ftoaal mean shifts’ visible in figure 2. To
make the exercise interesting, we go back to 1979 and theagleaf Mrs. Thatcher, and dynamically
forecastl, andd over the remainder of the sample as shown in figure 16 (topwgth)+25 error fans.

The forecast failure over the first few yearslinis clear, associated with the failure to forecast the
jump in d, following her major policy changes. Going forward two ygand repeating the exercise
(bottom row) now yields respectable forecasts.

9 Conclusion

Computer-based teaching of econometrics enhances thenssudkills, so they can progress from bi-
nary events in a Bernoulli model with independent draws tad@hselection in non-stationary data in a
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Figure 16 Dynamic forecasts o/, ; andd; over 1980-2001.

year-long course which closely integrates theory and eéogpimodeling. Even in that short time, they
can learn to build sensible empirical models of non-statigrdata, aided by automatic modeling. We
believe Clive would have approved.



