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1These notes are for instructional purposes only and are not to be distributed outside
of the classroom.
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Challenges Posed by Time Series Data

@ Question: What are some of the challenges of working with
dependent observations as opposed to independent observations?

@ Recall that, in the most basic statistical framework, a random sample
X1, X2, ..X, is assumed to be i.i.d. (y,(72), where 0 < 02 < 0. We
get a lot of mileage out of this simplified but restrictive setup.

(i) Law of Large Numbers:

1
X,,:EZXtiy:E[Xt] as n — 0.

t=1

Note from a statistical perspective what the law of large numbers says
is that the sample mean is a consistent estimator of the population
mean.

(i) Central Limit Theorem:
Vn (Xn— ) N N(O,cr2) as n — oo.
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Challenges Posed by Time Series Data

@ Remark: The j.i.d. framework, however, is clearly not suitable for
time series data since it assumes mutual independence of X1, X, ... X,.

o Example: Consider an extreme example of a dependent process
Xy =X forall t

where
X — 1 with probability 1/2
~ | 0 with probability 1/2

It follows that for this process

:\l—‘

; =

so we are not going to estimate u = E [X;] consistently. The problem
is that we have too much memory or dependence in this case.
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Challenges Posed by Time Series Data

@ Other challenges posed by time series: Suppose we consider the
classical (random regressor) linear regression model

y =X B+ u

nx1 nxkyyq nxl
where we assume that
(i) Rank (X) =k (< n) a.s.

(i) E[ulX] =0 a.s.
(i) E[ud|X] =21, as.
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Challenges Posed by Time Series Data

@ Note that, for this model, it is well known that the OLS estimatorB
is an unbiased estimator of 8 since, by the usual regression algebra,

B=pB+(X'X)"Xu

so that
E[B] = p+E[(XX)" X'y
— B+ Ex [(X/X)’lx/E[u|x]}

@ Remark: Note also that the unbiasedness ofB as shown above is a
finite sample property which does not involve taking n to infinity.
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Challenges Posed by Time Series Data

@ On the other hand, consider a dynamic time series analogue of the
linear regression model

y=By-1+u
where
y2 Y1 u
¥3 2 u3
y = . , Y1 = ] ,and u = ]
.yn }/nfl un
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Challenges Posed by Time Series Data

e Now, under the assumptions that || < 1 and {y;} is stationary so
that £ [yf] is a constant not depending t, we have

Y = Z,Bjut—j
=0

Note that y; here depends on current and past errors, so that the
unbiasedness argument given previously for the classical linear
regression does not work here. For this and other reasons, analyzing
the performance of estimators for time series models is a challenging
task and relies heavily on asymptotic, or large sample, analysis and
approximation.
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Basic Setup for Time Series and Stochastic Processes

o Let (), 3, P) be a probability space, and we consider a setup where
each realization of a random sequence is modeled as a point in a
probability space so that for w € (), we have the (infinite) sequence

(e Xeo1 (@), Xe (@) Xes1 (@), ....)

and for another element w’ € (), we have a (possibly) different
sequence

(e Xe (@) X (&) X (&) )
More formally, we have the following definition.

o Defintion (Stochastic Process): A stochastic process is a family
(or collection) of random variables

x(w) ={Xt (w):te T, weQ}

defined on a probability space (QS P). Here, T is called the index
set.
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Basic Setup for Time Series and Stochastic Processes

o Oftentimes, we take T = Z (i.e., the set of integers) or T =R (i.e.,
the set of real numbers). When T is countable,
{Xt (w) : t € T,w € O} is said to be a stochastic sequence. The
random variable X; (w) at a particular point in time, say t = T, is
called the T coordinate of the process.

@ Remark: Within this framework, we think of the available time series
sample as being just a single realization of a random sequence, i.e.,

(. Xio1 (W), Xe (W), Xeg1 (W), ...0)

for a particular w € Q). In fact, we only observe a finite subset of this
sequence given that, in reality, the sample size of our time series is
always finite.
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Basic Setup for Time Series and Stochastic Processes

o Food for Thought: Suppose in an idealized world, we are able to do
repeated sampling, and suppose we do this by making i.i.d. draws of
w (i.e., wi,...,wy) at time t = ty. In this setting, we would be able
to construct the ensemble average

N
XNty = 5 Z to wj

which is of course a consistent estimator of . On the other hand, in
the case where we cannot do this and must be content with analyzing
data that come from a single draw w; € (); then, we must make do
with the following time average

_ 12
n— — Xt(wi)
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Basic Setup for Time Series and Stochastic Processes

@ In general, these two averages are not going to converge to the same
thing with the former giving you the right answer and the latter giving
you the wrong answer. However, the interesting question is whether
there are circumstances under which these two averages would
converge to the same limit, so that the time average also gives you
the right answer. Under what conditions would this occur.
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Basic Setup for Time Series and Stochastic Processes

Time wa. Engamblis Aserages

BATAFN
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Stationarity

@ Some Intuition: Given that typically we only observe a finite subset
{X; (w)}]_; of a single realization of a random sequence, this would
seem to suggest that, for us to be able to extract useful information
from time series data, the probability distribution of X; cannot vary
too much over time. Motivated by this, the classical approach to time
series modeling allows for dependence but imposes some rather strong
homogeneity assumptions which have come to be known collectively
as stationarity conditions.

o Definition (Finite Dimensional Distributions): Let 7 be the set of
vectors of the form

{t=(t, . t,)  h<t< - <t p=12..}
The finite-dimensional distribution functions of {X;} are given by
Fe(b) = P (X, < by, Xe, < by, ., Xy, < by)
for b= (by, ..., by) € RP.
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Stationarity

o Definition (Strict Stationarity): A stochastic sequence
{Xt}r_o_is said to be strictly stationary if the finite-dimensional
distributons are all translation invariant, i.e.,

Il

(th,XtQ, ...,ti) (Xt1+tht2+hv ...,ti+h)

or, alternatively,

P (th S blet2 S b2, ...,ti S bp)
= P (Xean < b1, Xppn < boy oo, Xe o < bp)

forall he Z, Vp € N, Vti, ..., t, € Z, and for all
b= (b1, ... by) € RP.

o Note that the assumption of strict stationarity is stronger than the
assumption of identical distribution so that, in particular, the latter
does not imply the former. This is illustrated in the following example.
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Stationarity

o Example: Consider the stochastic sequence {Xt}iozl where

Zi = (X1, X) ~N(0,%),
Z, = (X3, X) ~N(0,X%),
Zs = (X5, %) ~N(0,%),

Suppose that {Z;}5 ; is a mutually independent sequence of 2 x 1
random vectors but suppose that

_ (1o
Z-(p 1>,wherep;«é0.

Note that under these assumptions
Xt ~ N (0,1) for every t

so this process is identically distributed.
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Stationarity

@ On the other hand,

whereas

(2 ) ~ N (0, h)

so {X¢}5; is not strictly stationary.

@ Note also that {Xt}‘f:l is not an independent sequence. An
i.i.d.sequence would have been strictly stationary.

o Definition (Autocovariance Function): Let {X;} be a stochastic

sequence such that sup, E [th] < 0o. Then, the autocovariance
function is given by

rx (t,s) = Cov (Xt Xs)
E{(X: = E[X:]) (Xs = E[Xs])}
for t,s € Z (or t,s € IN).
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Stationarity

@ Remark: Note that by the Cauchy-Schwarz inequality, we have that

[rx (t.s)] = [E{(Xe = E[X:]) (Xs = E[X])}]

< Je{oe-Ep? )y e {06 - X2
< \/Var (Xt)\/Var (Xs)

Now, by Jensen's inequality and Liapunov's inequality

[E[X]| < EXe| </ E[XZ].

Var (%) = E [x] - (E X)) < E[X2].

Moreover,

Hence, if sup; E [X?] < co; then, the mean, the variance, and the
autocovariance are all well-defined for every t and s.
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Stationarity

o Defintion (Covariance Stationarity): A stochastic process {X;} is
said to be covariance stationary, weakly stationary, or stationary in
the wide sense if

(a) E[X?] < oo forall t;
(b) E [Xt] = for all t;
(c) vx (t.s) =vx (t+ k, s+ k) for all s, t, and k.
e Remark: If {X;} is covariance stationary; then, setting k = —s, we
have

Tx (ts) = vx(t—s,0)
= 7x(h0)
= 7x (h)
where h = t — s. Hence, the autocovariance in this case depends only

on “how far apart" in time X; and X, are and not on their locations
in time.
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Stationarity

e Remark (con’t): In addition, note that by setting k = —t, we have
Yx (h) = 7x(ts)
= 7x(0,s—1t)
= 7x(0,—h)
Yx (—h)

where —h = s — t, so that
Yx (h) = vx (=h)

with
7x (0) = Var (X;) = E{(X. — E[X])’}.
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Stationarity

@ Similarly, under covariance stationarity, the autocorrelation
coefficient is

Xe, X h h
Com (X = COORX) () ()
v/ Var (Xe)y/Var (Xs) - V/1x (0)v/1x (0)  7x (0)
where again h=1t —s.
o Definition (White Noise): A process {u; : t € Z} is said to be
white noise with mean zero and variance ¢ and denoted
{us} ~ WN (0,03)
if and only if

Elu] = OforallteZ

o fort=s
x (ts) = E[utus]:{ 0 fort#s
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Stationarity

@ Remarks:

(i) Note that a white noise process is not necessarily i.i.d. since we are
only making assumptions about the first two moments. It is of course
covariance stationary.

(i) A strictly stationary stochastic sequence {X;} such that £ [X?] < oo
is also covariance stationary, i.e., subject to a second moment
condition, strict stationary implies covariance stationarity.
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Stationarity

e Remarks (con’t):

(iii) In general, covariance stationarity does not imply strict stationarity.
An exception is a Gaussian stochastic sequence. A stochastic
sequence {X;} is Gaussian if all finite-dimensional distributions are
multivariate Gaussian (i.e., multivariate normal). A Gaussian,
covariance stationary stochastic sequence is also strictly stationary
since in this case (th,th, ...,ti) and (Xt1+h,Xt2+h, ...,ti+h)
would have the same mean vector and the same covariance matrix
Vhe Z,Vp €N, and Vty, ..., t, € Z. Since a multivariate normal
distribution is completely determined by its mean vector and
covariance matrix (i.e., it is completely determined by the first two
moments), it follows that (X, X, ..., X¢,) and
(Xt1+h. Xtythy ooes ti+h) would have the same distribution Vh € Z,
Vp €N, and Vty, ..., t, € Z.

(Econ 624) February 1, 2021 22 /34



Shift Transformation

@ Consider a 1 — 1 measurable mapping
T:0Q — Q (onto)

This a rule for pairing (or mapping) each outcome w with another
outcome w’ = T (w) of the space (), but since each w € Q) maps
into an infinite sequence, T induces a mapping from one sequence to
another.

o Definition: T is called measure-preserving if

P(TE) =P (E) forall E € 3.
o Shift Transformation: T is a (back) shift operator if
Xe (Tw) = Xep1 ()

for a sequence {X; (w)}7 ... Note that a shift operator T takes
each outcome w and maps it into another outcome whereby the
realized value of X which had previously occurred in period t + 1
under outcome w now occurs in period t, for every t.
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Shift Transformation

@ lllustration: Suppose that

w = (o, x1,%0,X3,...),
Tw = (..x2,x3,Xa,...),
T’w = (ccr X3, Xa, X5, ...) -
Let
Xl (w)—xl X2 ((U)—Xg X3 (w):X3
In this case,

X1 (TUJ) = X2 (a)) = X2,
X2 (Tw) = X3 (w) = X3,
X3 (TCU) = X4 (w) = X
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Shift Transformation

o lllustration (con’t):

and
X1 (Tz(,d) = X3 ((,(J) = X3,
X2 (TZ(,(J) = X4 (QJ) = X,
X3 (T2(,U) = X5 (OJ) = X5.

@ Note that our previous definition of strict stationarity corresponds to
the case where the shift transformation is measure preserving since
strict stationarity means that

P (th (E) S leth (E) S X2, ...,ti (E) S Xp)
_ P(th (T”E) < x1, X, (T”E) <, X, (T”E) gxp)
= P (Xt1+h (E) S leth—',-h (E) S X2, ...,ti+h <E) S Xp)

forall EC§, heZ, pc N as well as Vty, ..., t, € Z, and also for
all (x1,...,x,)" € RP.
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Shift Transformation

@ Definition of Invariant Event: E € § is said to be invariant under
a transformation T if TE = E.

@ Alternative Definition of Invariant Event: E € § is said to be
invariant under a transformation T if

P(TE®E) =0

where @ denotes symmetric difference, i.e., A B=AUB\ (ANB).
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Shift Transformation

@ Symmetric Difference:

Symmeatric Differance & 4 B
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Shift Transformation

@ Note that if w € § is invariant under the shift transformation, then
Tw = w and

Xe(w) = Xe(Tw) = Xep1 (w),
Xer1 (W) = Xey1 (Tw) = Xey2 (w),
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Ergodicity

o Definition (Ergodicity): A strictly stationary sequence {X; (w)} is
ergodic if the probability of every invariant event is either O or 1.
@ Remarks:
(i) Note that events that are invariant under ergodic transformation must
either occur almost surely or do not occur almost surely.
(i) Absence of ergodicity means that there exists at least one invariant
event E for which
O0<P(E)< Ll
If this is the event which actually occurs, then the realized time series
will not be informative about the other possible realized values of X;.

o Ergodic Theorem: Let {X; (w)};. ., be a strictly stationary and
ergodic stochastic sequence such that E | X;| < co. Then,

lim —ZXt )=E[X{] as

n—oo N

@ Remark: Note that the ergodlc theorem is in essence a strong law of

large numbers for dependent processes.
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Ergodicity

o Example 1: Consider a simple case where () only has two sequences.

More specifically,
Q= {wi, wr},

where

wi = (., 1,1,1,.)
w, = (..0,0,0,..)

Clearly, both of these are invariant events under the shift operator T.
Suppose further that

Pr(w=w;1) =pwhere0 < p<1
from which it follows that

Prw=w2)=1-p=qg€(0,1)
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Ergodicity

e Example 1 (con’t): In this case, define the stochastic sequence
{Xe (@)} _, to be

X (w1) = 1lforallteZ,
Xt (w2) = OforallteZ.

Note that this stochastic sequence is non-ergodic since there exists
invariant events whose probability is not 0 or 1.
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Ergodicity

o Example 2: Consider instead the case where Q) only has one
sequence. More specifically, let

O = {w.}

where
wi=(..,1,1,1,...)

so that, again, w; is an invariant event under the shift operator T.
Suppose that
Priw=w.) =1

and define {X; (w)};-_, to be the “trivial" process
Xt = Xe (wy) =1forall t € Z.

Note that {X; (w)};> ., is ergodic in this case since there is only
one event, and it is an invariant event, but its probability is 1.
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Ergodicity

o Example 3: Let X; be generated by the equation
Xy =U+Z forteZ,
where
{U+}5r o = i.i.d.Uniform [0,1] and Z ~ N (0, 1)
and U; and Z are independent for all t € Z. Now, take

E = ﬁ {weQ: X (w) <0}

= f{w €N: ., X1 (w) <0, X (w) <0, Xeq1 (w) <0,...}
Clearly, E is invariant since
TE
= {weQ:. . X1 (Tw) <0, X: (Tw) <0, X1 (Tw) <0,...}
{weQ:.., X (w) <0, Xet1 (w) <0, X2 (w) <O0,.....}
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Ergodicity

e Example 3 (con’t): However, E occurs if and only if {Z < —1};
hence,
P(E)y=®(-1)=P(Z< —-1)
so that, in this case, 0 < P (E) < 1, and {X;} is not ergodic. One
can, in fact, show that

—ZXt U, +ZHE[Ut]+Z—7+Z

Another way to understand this problem is to calculate the
autocovariance
Cov (Xtth—i-h) = COV(Ut+Z, Ut+h+Z)
= Var(Z)
=1
for all h € Z\ {0}, so there is simply too much dependence in this
case.
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