n Introduction

WHY SHOULD YOU READ THIS TEXT?

You cawvot describe a worie by looliag at a sivgle frame of filw or expe
rience aw opera by listewing to a sivgle vwote. So why swould we rely ov
svippets of inforwation plucked frow single poivts in tiwme when tryivg
to emplaiv the cowplen processes twat aviwate our society? Weere are
thivgs you caw learv frow fragwents, to be sure, but to derelop a cowm
preveusire understanding of the world we veed to kaow what lies betweex
tee svapswots and wow twey are couwvected. Wiwe series avalysis is about
building wodels of the dyvawmic processes that govera tee evolution of
social, ecovowmic, avd political peevowmewna in order to describe relatiow
swips, test nypotheses, forecast tre future, avd better uaderstand the world
arouvd us.

Twe word dyvwawic is sowmetiwmes used to describe people or fields that
are full of evergy and wew ideas. We use it in the wmore elewmentary sevse — to
describe a process that changes over tiwme. o that sevse, alwost everythivg
is dywawic — ecovowics, politics, and culture. hlavy dywawic processes
do wot erolve independently but are ewmbedded iw dyvawic systews. ¥ie
ecowowmy caw determiuve the direction of political eveunts, politics can affect
thwe kivetics of culture, avnd cultural chavges cav alter the flows off economic
activity. Challeuges arise i studying these dywawic processes because wany
standard statistical techwiques assuwe data poiwts are independent swap
swots, firoze iv tiwe avd isolated frow ove avother. Wae wethods presented
iw this book allow social scieatists to capture a richer represevtation of the
world, as a cowpler but cowmpre®rensible moving picture.

A time series is a sequevce off observatiowns ordered over tiwe. Time
series analysis is the application of statistical tools to avalyze suckw data.
Sowe processes captured iw time series data are waturally discrete, for
exawple, there is ove presidential election iw the United States every four
years. lslowever, wawy data sets are created by samplivg frowm covtinuous
dywawmic processes at discrete intervals. 17or esawaple, people always wold
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opiviows about the ecovowy aud tee president iv their weads, but public
opiviow tiwe series are created frow surveys adwinistered at discrete points
10 tiwe.

Tiwe series avalysts fit statistical wmodels to tiwe series data. FWeere are
wavy wethodological approackes that wave beew devised for this enter
prise, including Bor—jenkins AIXINIA (autoregressive integrated wmorvivg
average) avalysis (Bos and jewkivs, 71970), ordivary least squares (OIS)
dywawmic regressiov (Baverjee et al., 1993; lslendry, 1995), vector autore
gression (‘VAIR) (Siws, 71980), state space wodels (IMalwax, 7960), and
otwers. A cowaprekevsive text twat covered all of these approackes would
be sprawling and iwmapractical. lostead, authors of tiwe series temts typi
cally take ove of two tacks: write a survey text or take a deep dive ivto a
particular problew or approach.

Survey temts offier swort introductions to a variety of approaches.
Teere wight be a thirty to forty page introduction to AIRINIA wodels
in ove chapter and a treatwent of ‘VAIR in avother. Whese are different
approacies to tiwe series data developed for different purposes. Wae cown
struction of each type follows different philosopiies and the avalyst cav
be required to use different tools to estimate the wmodels. lslowerer, a good
survey text will introduce the reader to bote. IParticularly useful survey
tenuts for social scientists include Bowe Stefifensweier et al. (2074) and linders
(2075).

hlavy bools tackle specific models and approaches iv deep detail.
o Wlultiple Time Series dnalysis — part of the Quavtitative A.pplications
in the Social Sciences (Q4.SS) series curated by Sage — Brandt and I®ree
wav (2009) provide a detailed ivtroductiow to 'V&IR wmodels that describes
their utility and emplaivs, with emawaples, how to build a "VAIR. IMitkepo¥l
(2005) awd IMiliaw awd bitkepo’sl (2077) proride iw depth treatwewnts of
tee topic as well. Wuese boolss serve as reference mavuals to the watwewat
ical properties, estimation crallenges, and emtensiovs off tee basic wmodel.
Ikac® bools focuses ow ‘VAIR avalysis, but ove is wauch wore accessible to
begivvers. Other emawples off detailed treatwments include Choi (2075) ov
unit root processes, I"ravcq and Zakoiav (2079) ow dutoregressive Coudi
tioval leleteroskedasticity (4IRClsl GAIRClsl) models, and juselius (2006) ow
twe coivtegrated 'V4IR wodel. Sowme of these can be used in wore adravced
classes and short works®ops 09 specific topics, but wavy of thew are wost
usefiul fior applied researcvers who weed wore detailed ivformation thaw
caw be flound in a surrey test. Wiis tewt is a comprowise between these two
approacies, providing wmore detail thav a survey tent, while being as acces
sible to wewcowers as swort introductions and crapter levgth® treatwments.

We provide a practical guide to applied tiwe series avalysis using ordi
vary least squares (OINS) regression. OIS is covered in wost introductory
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statistics courses takev by graduate avd uwdergraduate studewts. Our
expectation is that you eave takew such a course already. Mlany importaat
tools in the tiwme series avalysts’ tool kit are built ow this basic scaffolding.
Tvis book serves as a bridge to the cowmplendties of tiwae series avalysis by
building 0w waterial you vare already beew exposed to: estimatiow and sta
tistical infierence using OMS. 'lf you caw estimate an OIS regression wodel
and interpret a slope coefficient, this book is for you.

Wwis book cav be used iv mavy ways. It can be assigued iv a sewester
lowg course ow tiwe series avalysis, as part of a works®op ov tiwe series
topics, or used as a desk resource for social scieatists wwo thivk they
will (or wight) veed to estimate tiwme series wodels for their research. We
wave endearored to wake thve writing direct and warve ivcluded a wum
ber of exawaples (alowg with the data and code veeded to replicate thewm),
wiich will allow you to teach yourself if vecessary. Fo our kwowledge,
this bools is the first of its kind: It draws covwectiows between the var
ious OIMS based approaches to tiwe series avalysis avnd provides ivsights
into the practical application off these tools. dud in our riew, it is sorely
vweeded.

TWeere are two privciples that guide our approach to tiwe series aval
ysis and uvderlie our preseatation of twe waterial. |%irst, uncertainty is
ubiquitous in applied time series analysis. Wvere is a facile quality to wavy
statistical tessts. Whe authors preseat the equatiows for statistical estima
tors and describe whev avd wow they should be used, but fail to ivform
twe reader about the challenges they are likely to encounter. [*or emawple,
twe stavndard approach to tiwe series avalysis begins with testing whether
a series Was a uwit root — a specifiic type off wovstatiovarity wwere swocks
persist indefivitely ratver thaw dying out over tiwme. Wests are presented to
detect uwit roots, but teere is little discussion of strategies for applyivg
these tests, awndling competivg findings, or wmakivng kwife edged wodeling
decisiovs wwen test results are borderlive. Wae avalyst is left to vavigate
these uwcertain waters ov teeir owo.

Tiwe series avalysis is oftew wessy. [*or exawmple, we oftew find that
twe dyvawics characterizivg the tiwe series with which we work — shorter,
interwediate frequewncy tiwe series — are vot easily classified. | fact, clas
sifiying twe dywawics of indiridual tiwe series is oftev frustrating. hilultiple
tests caw leave you with cowmpeting ivferences. Wiis uvcertaioty is typi
cally widdew iv subsequeunt avalyses. Otwer choices in workivg with tiwe
series data also ewgewnder uvcertainty. What should you do whew differ
et diaguostic tests give covflicting results about the wuwber of lags to
include in a wodel? What does it wmeaw when different model it criteria
poivt to differevt dywawmic specifications? Whese are the types of ques
tiows that cowmwonly arise, and advice is scarce iw statistical temts about
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what to do. Wieere are times wwen you will Rave to wake judgwent calls.
Weis book offiers practical guidauce for privcipled decision waldag io these
cases.

hluck of our scwolarskip takes ow these kinds of problewms. We
developed a bouwds approachw to inference twat builds twe uwcertainty
in uvivariate classification into wypothesis tests about twe relationship
between tiwe series (Webb, Ibinw, and Ibebo, 2079, 2020). Fre lessow is
that, whkevever possible, uncertainty svould be explicitly accounted for iv
the wodeling process. When the tools to do so aren’t available, researciers
swould wale that uvcertainty a trawspareat part of wow avalyses are
described avd reported — especially w¥wew results are contradictory.

As a practical guide, this text is desigued to welp you wavigate the
challeages you will encounter in applied tiwe series avalysis. Wwere are
wavy forks ow this road, avd we provide step by step guidawce to welp
leeep you ow the right path. e topics include:

lslow to classify tiwe series

lslow to deterwmive whether single or wultiple equation avalysis is
wecessary
e lslow to build av appropriate wodel specification including:

— lslow to decide the appropriate deterwiwistic fieatures

— lslow to wodel the effiects off events

- l&low to deterwive dywamic structure, that is, choosing the
wuwber of lags

o lslow to test whwether a wodel satisfies the vecessary assumptions
e lslow to draw detailed inflerences.

Our secownd priuciple is that theory and data interplay in important
ways in time series analysis. Wwis caw be uncowfortable because social
science disciplives often stress the primacy off theory in wodel building.
But theory seldow ideutifies the dywawmic structures of relatiowskips. 1%or
emawple, theory may suggest that consumer sevtiment affects public riews
of the president, but it is uvlikely to be dereloped evough to specify the
wuwber of lags that belong i the model. Depending 0w ®ow the data are
weasured, different vuwbers of lags way be appropriate. ¥eroughout the
texst, we deterwive the dywawic structures of tee models frow twe data and
rely on theory to select the rariables in the wmodels. liven if you wave a
covjecture about wwat dyvawic specification wight be appropriate for a
statistical wodel, you waust subject tis covjecture to forwal testing before
imposing it ow the data. Otherwise, you risk wisleading yourself and your
audience.
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WHY DO YOU NEED AN ENTIRE TEXT ON REGRESSION
WITH TIME SERIES DATA?

Although this book relies ow livear regressiow awalysis, the wature of
tewaporal data dewmavds av approack to wodel specifiication, diagwostics,
infierence, and ivterpretation that are all different frow those i the cross
sectiowal coutent. Whe fundawental characteristic that distinguisies tiwe
series frowm cross sectiowal data is tiwae dependence. Wiwe series obser
vatiows are rarely independent. lslistory watters — previous values off a
tiwme series inform the present value. Whis fact fundawentally cowpli
cates regression avalysis avd requires specialized terminology. 4.dditiovally,
while systews off simultaveous equations caw arise iv avy coutent, they are
particularly cowmwmon iv tiwme series avalysis where variables often evolve
togetwer over tiwe. Despite these cowaplenities, tve core objective rewaivs
unckavged: to estimate a statistical wmodel that appromiwmates the DQIP and
evables geweralization to the populatios.

Tiwme depevdence ®as a wuwber of implications for avalyses. 1%irst,
it requires twinking differently about wodel specification — the choices
you wake about whick rariables to include in a regression wodel and
Wow twey are related. Mlore often thaw vot, the effect of a chavge iv a
regressor propagates over tiwe. hlodels will veed to incorporate lags. Weis
weaws incorporating regressors wot owly at tiwe ¢ but also at #—s, as
well as including lagged values of tee dependewt variable as regressors.
Tve inclusion off lagged dependevt variables creates a dynamic regression,
whickh violates the Gauss—hdlarkor assumption off zero covditional weaw
(strict emogeweity). Cowsequently, dywawic regression estimates becowe
biased awd ivefficient iw swall savaples. Weis wecessitates aw altervative
set off assuwptions for tiwe series OIBS avalysis. When these altervative
assuwmaptions wold, OIS estiwmators waivtaiv covsistency.

Secoud, the approack to diaguostic avalyses off regression assuwp
tiows diffiers frow the cross sectioval case. Because time dependeunce is a
fleature of tiwme series data, you weed to be particularly coucerved with
violatiows off the Gauss—hdlarkor assumption that errors are independest.
Serially correlated errors pose the wmost cowawmon threat to ivference iv tiwe
series regressiow. But this is typically vot a problew to be corrected for with
finees like weighted least squares or robust standard errors. 4 pplyivg these
solutions does wot address twe uvnderlying problema — owitted lags off the
regressors avd regressands — and obfuscates importaat features of dyvawic
relations®ips. lastead, serially correlated errors swould geverally be takex
as evidence indicating dyvwawic wisspecification — wwic® produces owitted
variable biases — avd ivdicates a veed to recousider the lag structures of
wodels.

https://doi.org/10.1017/9781108290326.001 Published online by Cambridge University Press


https://doi.org/10.1017/9781108290326.001

6 Introduction

Whird, different patterws of time depevdewce require different strate
gies for estimation awnd ivference. You weed to characterize tve tewaporal
patteras teat describe twe data. o particular, you weed to deterwive
whetver the tiwe series are best cwaracterized as statiowary processes,
wiich Rarve cowstant weawns, variavces, and autocorariances over tiwe, or
whether they are wot statiovary. Unit root processes — those that covtain
ravndow treads — present particular cwallenges sivce they are prove to the
spurious regressiow problew. Frat is, indepeadent uvit root processes often
appear related to eacw other even though they are wot. livew when two uvit
root processes are related, wodel specification requires wore care — for
enawple, critical ralues fior ypotiesis tests will tead to be wou standard.

[fourth, interpretation of dywawic regression wodels requires wore
thav emawivivng sivgle coefficients. 4 dywawic regression wodel prorides
inflormation about ®ow variables affect owe avother iw the short, mediuw,
avd lowg terw. Frese models show Row changes iv a regressor play out iv a
regressand over tiwe, wow those effects decay, and what types of equilibria
characterize lowg ruv relatiovships, if they emist. But this added cow
plicatiow is really aw adravtage, waking rich ivterpretations of dyvawic
relations’rips possible.

I*inally, time depevndence weans that avalysts veed to consider wwetver
single or wultiple equation awvalyses are wecessary for valid ivferevce.
Single equatiow awvalysis requires that wo inforwation about the relation
sWip of interest is lost by iguorivg the wodel geverativg the regressors, that
is, there is weals emogeveity for the paraweters of interest. hdleeting the
weals emogeneity assuwaption is weeded for covsistent inference. hlost tests
provide liwited discussiow of this assuwmption, often treating it as a decisio
wade iv adrauce of the avalysis. lndeed, there are a wuwber of wmiscoacep
tiows about tke counditionus that perwit single equation awvalysis. So wuch
so, teat we devote a cvapter to the topic. Waen weak emogeveity is rio
lated, waultiple equation avalysis is vecessary. But twis wodeling approack
puts additiowal dewavuds 0w both the data and the avalyst.

Teese cowplications weaw tiwe series avalysts require a differevt
vowenclature. e terws statiovary avd uwit root figure prowivently iv
the vocabulary, and a clear uvderstanding of these terws is essential to
robust tiwme series avalysis. But other terws like persisteuce, ivtegratiov,
deterwivistic and stochwastic trevds, structural breaks, cointegration, and
difflerent varieties off emogeveity, to vawe a few, will also play av imaportaat
role in wodel buildivg. laterpretation off wodel results requires expaanding
your vocabulary to include imapact waultipliers, long ruw waultipliers, and
impulse respowse functions. Weese terws likely dov’t wmeaw a lot to you
vow. Weat’s five. We will introduce thew and explaiv how and when they
are relevavt in the cwapters to cowe.
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la short, the opportuvities that cowe with tiwme series data also bring
a nuwmber of challenges beyoud those faced iv a cross sectiowal covtent. We
walk you through each of thew. But first, let’s get your tiwe series data i
order.

«F} HOW DO YOU ASSEMBLE TIME SERIES DATA?

Tiwe series avalysis requires careful cowsideration of wow to cowstruct
your data set to answer your research question. You’ll veed to wake sev
eral key decisiovs: what time period to avalyze, what tiwme uwit to use
for measurewent, and wow to operatiovalize your variables. ¥rese choices
are intercovvected and often cowstraived by data availability. ¥eis sectio
guides you through twese crucial decisious as you prepare your data for
avalysis.

livery tiwme series avalysis begins wit® a researc® question and a the
ory about relatious®ips between variables. Before collecting data, you veed
to thivk carefully about which variables will welp you avswer your ques
tiow, wow they wight ivfluevce each other, and over what time periods
these relationskips occur. Weese theoretical relationskips should guide your
weasurewent decisiovs — vot just what to weasure, but whkew and %ow to
weasure. Fre choices you wake at this stage are crucial for dereloping av
avalysis that cav effectively test your wypotheses.

1.3.1 How Do You Choose a Sampling Window?

A samp'ling window is the tiwme spav over whick data are collected — the
period of time betweev the begivving and end of the tiwe series. Weere are
two tivae spaw questions to covsider. 1%irst, wwat is tve ideal sawapling wiv
dow fior your avalysis? Wee word ideal is italicized to wighlight the theoret
ical vature of this proposition. |a the absence of avy practical liwmitatiows,
what is the period of time that would best allow you to observe the rela
tiowsWip you are interested iw avalyzivg? If you are interested iw the dynaw
ics of tve Cold War relatiovs®wip betweew the United States and twve USSIR,
te ideal samapling window would spaw 1945 to 1991. If you are interested
in the covsequences of cyber warfare ov interstate cowflict, it does vot
wake sevse to include wilitarized ivterstate disputes (AIIDs) frowa the vive
teent® and tweuatieth cevturies, even though twe data collected as part of
tee correlates of war (COW) project include obserrations as far back as
1816 (Palwer et al., 2075). No study te efifects of presidential elections 0w
cowsuwer sevtiment avnd presidential approral, you veed a tiwe spavw that
covers a wuwber of electiows.
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Secoud, what sawapling window is available to you? Whereas the ques
tiow about tee ideal sawmplivg window is theoretical, this question raises
practical cousiderations. Data way be wore liwited than you’d like. Ide
ally, all the variables you weed for your avalysis — the outcowe, your
variable(s) of ivterest, avd your cowtrols — are available over the ideal
sawpling window. v wmauy cases, you will vot be so luclsy.

e sawmpling window for your avalysis wust be the sawme for all of
your tiwe series variables — you veed to wave data for every tiwme poivnt

fi

or every series. Your window is ouly as wide as your shortest series. If a
coutrol rariable starts after, or ends before, tve rest off your data, you way
waut to find a suitable substitute rather thaw limit the sawmpling window
for your avalysis.

hlissing obserratiows witeiv your tiwe series waust also be avoided.
Wihew a variable was wissing ralues, statistical software typically uses list
wise deletion, remoring those tiwme poivts frowm the avalysis of all variables.
Wis deletion occurs autowatically in wost software packages, sowetiwes
without warwing. If your data cowtain gaps, you ®arve two waiv optious:
adjust your sawpling window to exclude periods with wissing data or
ewaploy wetvods to fill iw wissing observatioss.’

1.3.2 How Do You Choose a Sampling Interval?

You wust vext croose your sawmpling interval. Wae sampling interral is the
discrete period of time used to weasure the phevnowevow of interest. Fiwe is
waturally coutinuous, but we weasure it iv discrete intervals: days, weeks,
woutwes, years, and so on. When coustructing a data set, tve interval cavvot
change orer tre sawpling window.

e first step is idevtifiying the “vatural time uvit” of your theory, as
I*reewaan (1989, p. 93) puts it. What sawplivg ivterval would best capture
the relatious®ip you waunt to study? Cowusider ®ow quickly your rariables
chavge avnd interact. 1%or emawaple, take chavges in the partisans®ip of the
United States Suprewme Court. While the Court’s decisions affiect politics
daily, its partisan cowposition cranges ouly wwen justices are replaced.
Creating a woutly tiwe series of Court partisans®ip would produce lovug
periods of wo rariatiown, wakivg it difficult to detect relatiovships with
otker variables that do rary wowthly.

e ideal sawmpling ivterval also avoids ivterregouws iw stochastic
variation. Wwe lack of rariation over covsecutive interrals, lile the problew
wighlighted in our Suprewme Court emawple, ®as important covsequevces.

Woodward, Gray, and lilliott (2077, 436) dewmoustrate IMalwax filter wetwods
that caw be used for this purpose.

https://doi.org/10.1017/9781108290326.001 Published online by Cambridge University Press


https://doi.org/10.1017/9781108290326.001

Introduction 9

Wee partial slope coeffiicients we use to wake inferences in wultiple regres

siow awvalyses are covariavces (cov(y,x)) divided by a rariavces (var(x)),
vwet cov(y, z) and cov(x,z) for sets of covtrols (z). o a wodel used to
avalyze thwe partisavship of the Court, every period where the variable of
interest (x) varies but court partisans®ip (y) rewmaivs covstant winders the
detection off av efifect; two rariables cavvot covary if ove of thew doesw’t
vary. I1%or obrious reasows, c®oosivg a wmowntely sawmplivg ivterval wmight be
impractical for suck av avalysis. At the other end of the spectrum, access
to wigh frequevcy social wedia data allows us to capture Wwitter activity
ow a second by second basis. But if you are looking at twe relationship
between social wmedia data and sowe political rariable, say public opiviow,
that woves wore slowly, it way wot wake sevse to measure bot® phevnow

eva ow a second by second basis. Waen you are twinking about twe ideal
sawplivng ivterral, use what you teink you kwow about the relations®ip of
interest to idevtify the weasurewent strategy twat would give you the best
tiwme series to capture tve dyvawic relationskip.

Ibilee the choice of your sawpling window, practical cousiderations
cav force comprowises between what is teeoretically ideal avd what is
plausible for applied avalysis. You wow %ave to ideatify what sawpling
interval is available to you. dgaiv, with limited tiwme and resources, your
sawapling choices way be dictated by tee work of otwers. 1%or emawm
ple, the Bureau of Ibabor Statistics wmeasures uvewaploywevt wmovthly, but
GDIP quarterly. You wight wis® to avalyze cowsuwer sewtiment sivce
World War 1, but the lastitute for Social IResearc’® (ISIR) at the Uxnirersity of
Mlickigan ovly begav its quarterly survey of consuwer sentiwment in 71960
and did vot do so wowthly uatil 1978. You will veed to choose either a
larger sawmpling window or a wigher resolution sawpling ivterral (wmountely
instead of quarterly). Whick choice corers the lovgest time period? Whick
choice prorides the most observations? Wee answers to these questiovs are
wot always the sawme.

Tve sawaplivg interval should be tve sawe for all the variables included
iv the avalysis. If you caw weasure your outcowe awnd indepevdent variable
of interest at a quarterly level, but caw ouly weasure a control at avw avwual
level, you %arve to wake a choice. You way be tewpted to resolve this
problew by recordivng the avwual observations off this coutrol as though
twe variable were quarterly — by iuserting twe avwual obserrvatiovs four
tiwmes, ouce for eacw quarter. Or, you wight be tewpted to turv a quarterly
weasure into a wowtely ove by assiguing the values you wave to jawuary,
April, july, and October avd then interpolating data iv equal steps for twe
wowthks in between. Whese attewapts to artificially create obserrations at
wigher frequency wave undesirable covsequences. In the first case, you are
artifiicially suppressing the rariatiow iv the data, and iv the latter case you
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are imposivg a dyvawic structure. Both strategies will affiect w¥vat you learv
frowm the data.

Sowetiwes it wakes sewse to aggregate data frow wigeer frequevcy
intervals to lower frequevcies. I"or emawple, you wight average across
wowtkly observatious to gewerate quarterly observatiows. li the dywaw
ics you are iuterested iw studying are captured by quarterly data, this cav
be a good strategy. But if the outcowe of interest is punctuated by wajor
evevts and sudden chavges in direction, rewmoring rariation twrough aver
agivng way was® out twe effiects you are ivterested in observing. Ireewax
(1989, p. 93) adrvises researchwers to think ward about the “watural tiwe
uwit off our teeories” and cousider ®ow ove’s conclusions wight change if
difflerent decisions about sawplivg and aggregation were wade. We covcur.

1.3.3 How Many Observations Do You Need?

A comwon wistake people wmake iv tiwe series avalysis is asking too wuch
from too fiew obserrvations. Because tiwe series observations are wot inde
peudent of eacw otver, you veed wore off thew. You way warve thirty five
years wort® of data but if your variables are all weasured avwually, that
way wot be enough inforwmation to build a dyvawic model. Or, more to the
poiut, wot enougs for a good dyvawic wodel.

lslow lowg is long emough? Unfortuvately, there is vo sivaple avswer —
it will depend ow the type off model and ow the features of your data. You
way be able to produce a reliable estiwmate off a coefficient that describes
the relations®ip between y; and y,_; (call it a;) with a sawaple of T =50 it
tee population paraweter is a; =.5, but the reliability of the estiwate
would be lower if a; =.90, and even wore data could be required to
cownduct a reliable test that a7 # 1.

[furteer, the waore variables iv a model, the wore tiwe poiats you veed.
IMeele, biva, and Webb (20765) refierence Babyak (2004) ov this poivt,
voting that owe should fit vo wore thaw ove paraweter for each tew obser
vatiows whwew the data are ivdepevndent and idewtically distributed. With
tiwae series data, the lack of independence wecessitates wore thaw tew. 4 o7
approaches ove, for emawple, substantially wore observatious are veeded
for each paraweter estimated because each obserration ouly cowtributes a
little bit off vew ivforwatios.

Wwere’s a carveat, of course. While loager series are geverally better,
sowetiwes they arev’t. IRelations®ips caw chravge, and you swould cvoose
tee sawpling window accordingly. 4 cowrevtional tiwe series regression
wodel assuwmes that the paraweters of iuterest are covstawt across twe
sawpling window. As with all regression wodels, a partial slope coeffi
cieat gives the average conditioval effiect off the regressor 0w the regressand
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across all observatious. Wee longer your sampling window, the wore likely
te wargival efifects chavge over tiwe. 4 failure to account fior these paraw

eter cranges caw produce biases. Suc® chavges cav, off course, be modeled,
but they cowplicate avalysis. Sowmetiwmes estiwativg relatiows®ips over a
shorter tiwe spav, wiere they are espected to be coustavt, produces a wore
useful avalysis.

1.3.4 How Should You Operationalize Your Variables?

A fival covsideration iv assewbling tiwe series data is operatiovalizatiow.
Opverationalization is the process off turving aw abstract, theoretical concept
into wuweric values cataloged iv a data array. ¥his way or way wot be
straigvthorward.

A% emawple will velp dewmoustrate the problew. Ibet’s say you wave
a theory about the factors that shape public perceptions of the econowy.
You decide to weasure the outcowe using twe University of hdlichigan’s
ladesw off Covsuwer Sevtiment (ICS). Ove concept that might influeace cov
suwer seatiwent is objective econowic perforwance. lalow do you weasure
that?

Onxe possibility is gross dowestic product (GDIP). Is the raw weasure
of GDIP appropriate to test nypotheses about the ICS? 4w initial covcern
svould be that while the level of US GDIP increases over tiwe, you do wot
observe siwilar patterss in covsuwer sentiwment. GDIP is higher today thav
it was iv tee year 2070, wigher in 2070 than in 2000, and so ov. 4 plot of
GDIP reveals a trend — it increases over tiwe. e ICS, ov the otwer wavd,
teuds to ivcrease and decrease based ow prevailing econowmic couditious,
wot the lowg terw trend. What is, people do wot base their ecovomic evalu
atiows ow the cowaparisovs of GDIP vow to sowe distawt poivt iv the past.
1t they did, everyove would always ®ave a very positive fieeling about the
economwy.

Objective ecovnomic perforwmance wight, ivstead, be operatiovalized
as the rate of growth:

GDIP, — GDIP,_;

Growty; = GOP
DIP;_;

GDIP growtw is the differeace between this year’s GDIP aud last year’s
GDIP scaled by last year’s GDIP. Wiis is a more appropriate weasureweat —
positive and vegative chvavges iv growts seewm wore likely to corary with
ecowowic perceptiows.

Weere are still other issues to cousider in this exawaple. Is GDIP really
Wwow people emperievce the ecovowmy? Coyle (201 5) argues that GDIP cap
tures broad ecovowic trends but does wot vecessarily trasslate into public
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feelings about the ecovomy. hdlaclMuev, liriksow, and Stiwsow (71992) use
weasures like uvewmploywent and ivflation as wore direct influeacers of
public opiviow. Still, questious rewaiv. If you use inflation, swwich version?
Tve avvualized percentage chawge less food awd evergy is often used iw
wacroecovowic wodels, but food and evergy are, arguably, the prices most
likely to influevce attitudes about the ecovowy. dvwual chavges iv cow

suwer prices also seew a strange choice. Do people really cowpare prices
today to those twelre months ago when thivkivg about current ecovomic
conditions? IPerwaps. IPervaps wot. We wow’t resolve these questions were —
the poiuat is that careful thinkiong is required vot ovly about w¥ich rariables
to use but also about ®ow teey swould be operatiovalized to best capture
the prevowena of interest.

As ewphasized throughout teis temt, tiwe series avalysis involves a
lot of uscertainty and theory is uslikely to cowmpletely resolve questiows
like these. Building the best wodel leverages wwat you kwow about the
process that produced the data avd also inrolves searching for ewapirical
clues about the dyvawic bewarior off the data. la the cwapters that follow,
we describe twe best practices that draw a balavace betweev theory and data
iv the ewpirical specification of teeoretical models.

1.3.5 Sampling Decisions for Presidential Approval

You caw get a sevse off sowme of these issues by esawmiving what we think
of as the “wotwer of all political tiwe series,” presidewntial approral in the
United States. I*igure 7.7 presevts four grap'es: I*igure 7.7a and b show data
for a sawmpling window goivg back to the begiuving of KisenRower’s pres
idevcy but rarying the sawpling interval — quarterly data (a) and wovtsly
data (b). Wee daswed vertical lives dewmarcate presidencies. liack poiut iv
tee series represevts tie average of all the Gallup surveys in that wouth or
quarter. ¥ee woutely series nas wore observatious, but it covers less wis
torical tiwe. 4lso, because surveys were vot faithfully adwivistered back to
IPresidewt liisenhower, the wonthly series includes wavy interpolated tiwe
poiuts.

Wwe two tiwe series are quite siwmilar, but a closer look suggests that
the quarterly series evolres wmore swoothly. Wee wonthly series covtains
wore buwaps and wiggles, in part because of randow sawpling error that
is wot swootwed twrough aggregation to tee quarterly level. Wwe quar
terly series is, thus, wore persistent, a feature twat was implications for
the wuwmber of lags that wight be weeded to wodel its bevarior. Fee
choice of which level of aggregation to use depeuds ow the particular
researc® question avd ow which otwer variables will be wmodeled with the
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Figure 1.1 Gallup presidential approval ratings

approvral series. I%or emawaple, using the woutly series to increase the sam

ple size would wot wake sewse if other variables are ovly arailable quarterly
(e.g., GDIP) or yearly (e.g., budget deficits). Wote, too, twat tee level of
aggregatlon vas iwplications for ®ow you teivk about (and wodel) the
effiects of any explavatory variables. 'l particular, aw effect that prorves sig

vificant at ove lag in wmowthly data wight wavifiest as a contemporaveous
effiect witw quarterly data.

TWwe bewavior of approval also differs across sawpling windows.
I*igure 1.7c and d show woutely data separately for twe Bush Il (c)
and Wruwp (d) adwivistrations. Wote twe differences: George W. Bus®’s
approral beuvefited frowm two large rally effects — ove after the terrorist
attacks off 9/17 aud avother with the ouset off the War with Iraq. Both
rallies persisted for sowe tiwe but, eveutually, the president’s popularity
followed wwat hdlueller (1970) refierred to as iwemorable declive. Farough
out this bools, we will talkv about structural breaks. It is woteworthy, were,
that the 9/11 attacks — thwe biggest spike iv the Wistory of presidential
approral — way be classified as eitwer a tewaporary increase or a perwaveat
swift, depending upow the sawpling window used.

la coutrast, IPresident Wruwap’s tewure is rewarkable for its lack of
volatility. Stroug partisavskip weavt that veitver record low uvewploy
wevt, ivmpeacwwent proceedivgs, wor tee pandewmic moved wis approval
ratings out of the low forties for very long. Waus, ypoteeses that wight
prove correct during ove adwivistration wight vot do so iv oteers. What is
true in ove window of data may wot wold iw a wider, varrower, or differevt
sawpling wivdow.
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«I:§ HOW DO YOU USE THIS BOOK?

Once twe data are togetwer, you are ready to conduct tee avalyses we cover
iv this book. Ifigure 7.2 presevts a wap of twe book, which we’ve bro
leevw into twree parts. IPart | outlives the preliwmivary questions teat wust be
resolved befiore avalysis. Are the data statiowary or do they cowtain uwit
roots (Chapters 2 and 3)? Is weak emogeveity a ralid assuwptiow (Cwapter
4)? Wve couclusions draww frow IPart | dictate Wow to cownduct awalyses
of the relatiowsvips between your tiwe series. IReaders who couclude that
weald exogeveity is a reasovable assuwption will find the sivgle equatiow
wethods covered iv IPart [l appropriate for teeir avalysis. We divide IPart I
off the tewt ivto regression wodels for statiovary data (Ceapter 5), uvit root
data (Ceapter 6), and cases in wwich you are unsure off twe vature off twe
uvirariate dyvawics (Crapter 7). Whick chapter is relevant will depend ow
your classification off the tiwe series iv IPart I It weak emogeveity is wot a
reasovable assumption, IPart Il covers the wultiple equation wmodels you
weed to use for statiovary data (Cwapter 8) and uvit root data (Chapter
9). Wee coucludivg chapter of the book (Chapter 10) offers guidaace ow
best practices for applied tiwe series avalysis and wighlights resources for
furtver time series educatiow.

Teere is often uncertainty that wakes the road to follow uaclear iw
a givew avalysis. You way find twat efforts to cwaracterize tiwe series
as statiowary or uwit root processes leave you uwsure about the best
path forward. You wight siwmilarly be uwwilling to state, categorically,
that the variables you care about are weakly emogewous, even if you

Part |
e Part Il

[ Classify the dynamics of each time series: ]

Chapters 2 and 3

Single-equation models for stationary data
i k ity: Ch
[ Assess weak exogeneity: Chapter 4 } given weak exogeneity: Chapter 5
Single-equation models for unit root
Part Il . s
data given weak exogeneity: Chapter 6
Multiple-equation models for stationary data:
Chapter 8 Single-equation models given weak
exogeneity and classification

chrtainty: Chapter 7 /

Chapter 9

A¥

Figure 1.2 Map of the book

‘ Multiple-equation models for unit root data:
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believe it is plausible. Such is the wature of applied tiwme series awval
ysis. But the tools we provide will ®welp you to wavigate these dilem
was. FWeroughout the temt, we use emawples twat wighlight the prob
lews you are likely to ewcouwter. Data and code for the applicatiowns
in this book caw be found at wttps:/github.cow/webb767/practical guide
to tiwe series replication. While wost off our avalyses caw be conducted iw
Stata and IR, other tiwe series software is available. It you awticipate beivg
a regular user of tiwme series wethodology, you wigwt find purchasing a sta
tistical package developed specifically for time series awalysis a worthw'ile
investwent; 8 Views, IRANS, and CAHS fior IRAHS are packages that proride
entensive tools for tiwe series avalysts twat can walke your work easier.

Wiwme series avalysis is av evorwous field. Werertveless, the contents
of tee followivg chapters swould provide a reasowably cowaprebevsive
foundation upow whick to leara wore adrauced techwviques. If our col
lective emperievce Was taught us anything, it is that learvivg vew ways of
approachkivg tiwe series avalysis, and statistical avalyses iw geveral, vever
eunds. I%or our part, we believe the chapters that follow are a good place to
begiv.
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