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Disclaimer

Disclaimer

Full solutions are available on my.wbs. All exercises are examinable material, not just the

ones we covered in the seminars.



Recap

Data Structures in Economics

A
|l 1
Cross-sectional data (weeks 1-4): one time period, many units

Example: grades of students in a given exam, wages of individuals in a given year;
Time series data (weeks 5-8): one unit, many time periods !

<&
Example: inflation over time for a given country, price of a stock over time, _:L /7
Panel data (weeks 9-10): many units, many time periods for the same units

Example: grades of several students in several exams, holdings of several mutual funds
over several years;

Alternative data

Example: text, images, spatial data,..., etc



Roadmap

Part 1: Theory
Exercise 1: Time Series Fundamentals



Exercise T

Cross-Sectional vs. Time-Series hlividoel ¢

s
e So far: cross-sectional econometrics: everything about )@/
* Now: time series data: everything about ¥

* Next: panel data: everything about @)

» Can we assume that time-series observations are independent of each other?



Exercise T

Independence in Time Series

NO. In a time series setting the temporal ordering of the observations matters.
» Atime series is a sequence of observations of a variable (e.g., inflation) over time

* We cannot assume that observations are independent of each other in a time-series
setting: time series data is ordered

» Atypical feature of time series is serial correlation/dependence.



Exercise T

Serial Correlation/Dependence

In cross-sectional data we assume that observations are i.i.d (random sampling)

7/ntuit/'on: if you relabel individual A as B and B as A, the joint distribution of the data
4 remains the same

This is not true in time series data: independence is rare

If we relabel observations, we change the meaning of the data

Examples:
High inflation this month likely means high inflation next month;, /
A student doing well on exams will likely do well on the next one;

Unlike cross-sectional data, the future can depend on the past;



Exercise T

Stochastic Processes
We model time series as a sequence of random variables. A collection of random variables

indexed by time is called a stochastic process
—
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» We observe only one realization of the process
e But all the grey paths were equally likely to have happened
* We want to make inference about the whole process, and we see only one path



Exercise T
OLS in a Time-Series Setting

>/e,-'-' ?<J3 +U

Let us consider the static model with k explanatory variables:

Yyt = Bo + B1x1t + Boxor + -+ - + BrTir + us.

We can introduce the following matrix notation. Let

e
U1

Y2
Y(Tx1)= | . |>

yr

B(k+1)x1) = [Bo, b1, - -

v

X (Tx(k+1)) =

761{]/7

1 11

1 1T

Wrx1) = [u1, uz, . .




Exercise T
OLS Estimator

Then, we can rewrite the MLR model as

y = X3+ u.

e The Ordinary Least Squares (OLS) estimator 3 = (f, . .., Bx) minimizes the sum of
squared residuals:

B = argmﬁin(y —XB)(y— Xp) = argmﬂinu’u.

« Equivalently, we look for 3 that minimizes S(3) (the sum of squared errors).



Exercise 1 elpl=p
Unbiasedness Assumptions

Finite sample properties of OLS under classical assumptions
e TS.1Linear in the parameters. &

e TS.2 No perfect collinearity (or no multi-collinearity).&

e TS.3 Zero conditional mean < /
g “ =
/ E[utD(\J =0, &£ L’—[ Ue (XC,XC—-( ,XQ"Z. ,>(c+'...
X etz .. |2
» Under these assumptions, 3 is an unbiased estimator of S.
Lavee EL Uel xe] <O

A



Exercise 1
Strict Exogeneity

YES. Strict exogeneity: rules out any possible feedback from the dependent variable on
future values of the explanatory variables.

Notice the difference between strict exogeneity and exogeneity!
Exogeneity: Elu|z:] = 0, error term uncorrelated with the regressors at the same period
—> Ct
CAPM: Yt = 50 + 61MKT7§ -+ Ut.
T1S.3 implies that E|u, M KTy.7] = 0. &
error terms contain factors such as consumption

MKT;_1 l— u; | as MKT is pro-cyclical and might be correlated with lower
consumption.



Exercise T
Strict Exogeneity — CAPM Example

The error terms contain factors such as investors’ expectations of the business cycle,
unexpected inflation, oil shocks.

A linear relationship might be restrictive, but it should be a good approximation.
TS.3 implies that E|u|M K'Ty.7] = 0. This could be easily violated. For example:

MKT;_ 1 l— u; | as MKT is pro-cyclical and might be correlated with lower
consumption expenditures and flight-to-quality.

ui—1 41— M KT; | as Utils might represents a relevant fraction of MKT.



Exercise T
BLUE

Efficiency is obtained if two additional assumptions are satisfied

TS.4 Homoskedasticity o .
Var(u|X) = Var(ug) = 0.
TS.5 No serial correlation / L/
Corr(ug, ug) =0, t#s. -

Under assumptions TS.1 through TS.5, the OLS estimator is BLUE



Exercise 1 Teg => 1=C
Valid Inference => w4

Assumption TS.6 Normality /
ug ~ N(0,0%) independent of X.

Under assumptions TS.1through TS.6, the OLS estimator has the usual normal distribution
(conditional on X). The usual F- and t-tests are valid.
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Exercise 2: FDL Model



Exercise 2
Phillips Curve with Distributed Lags

Model:

T = Bo + 1 Unemp, + 2 Unemp,_; + 3 Unemp,_, + B4 Unemp,_3 + u;



Exercise 2
Phillips Curve with Distributed Lags

Model:
mt = Bo + B1 Unemp, + B2 Unemp,_; + B3 Unemp,_o + B4 Unemp,_5 + uy

» The transitory effect from one year ago (i.e., 4 quarters ago) is measured by 4.
* The transitory effect of a current change in unemployment is given by f;.

* The persistent effect is measured by the sum of the lag coefficients:

B1+ B2 + B3 + Ba.



Exercise 2

FDL — Transitory Increase

Model:
Y = ag + 002t + 012¢—1 + 022¢—2 + uy  (FDL of order two).

e Scenario: Fort < 0, assume z; = ¢. Attime t = 0, zg increases to ¢ + 1 just for that
period, and then att = 1, it reverts to c.
» Key equations (setting u; = 0 for simplicity):

Yy_1 = ag + dgc + 01¢ + dac,
Yo = ap + do(c + 1) + d1c + dac,
y1 = ag + dpc + 61(c+ 1) + dac,
Yo = ag + dpc + 61¢ + da(c + 1),

Ua = on + One 4+ d1c 4+ doc.



Exercise 2

FDL — Transitory Interpretation

e |nterpretation:
m The immediate effect on yq (from y_1) is dg.
m After one period, y1 — y_1 = 01, etc.
m Byt = 3, y3 has returned to its initial level, so the effect of the increase in zq is transitory.



Exercise 2

FDL — Permanent Increase

Model:
Yt = o + 002t + 012¢—1 + 022¢—2 + Ut.

e Scenario: Suppose now that att = 0, zg increases from cto ¢ + 1 and stays at ¢ + 1 for
all subsequent periods.
» Key equations (still setting u; = 0):

y_1 = ag + dpc + d1¢ + dac,
Yo = ag + dp(c+ 1) + d1c + dac,
y1 = ag + do(c+ 1) + d1(c+ 1) + dac,
y2a =g+ do(c+ 1)+ d1(c+ 1)+ da(c+ 1),
ys = g + dplc+ 1) +d1(c+ 1)+ da(c+ 1),



Exercise 2
FDL - Long-Run Effect

e Long-run effect:

m Forlarget, z; = ¢+ 1. Thus y; stabilizes at ag + (09 + 61 + d2)(c + 1).
m The cumulative impact of a permanent +1 in z is dg + 01 + da.



Roadmap
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Exercise 3: Expectations Hypothesis



Exercise 3
Expectations Hypothesis — Setup

Let hy6; denote the three-month holding-period yield (in percent) from buying a six-month
T-bill at time (¢ — 1) and selling it at time ¢ (three months later) as a three-month T-bill. Let
hy3;_1 be the three-month holding-period yield from buying a three-month T-bill at time
(t—1).

Attime (t — 1), hy3;—1 is known, whereas hy6, is unknown because p3; (the price of the

three-month T-bill) is unknown at time (¢ — 1).



Exercise 3

Expectations Hypothesis — Problem

Option 1: Buy a 3-month T-bill at time ¢t — 1, hold it to ¢.
Its yield,(hy3; 3\ is known at ¢ — 1.
Option 2: Buy a 6-month T-bill at time ¢ — 1, sell after 3 months (at ¢).

lts 3-month holding-period yield,is unknown att — 1.
The Expectations Hypothesis suggests hy3;_1 and hy6; should be the same on average.
— —

a—

We test this by estimating:

J/
’ hy6; = Bo + B1hydi—1 + Ut‘-[

o

and checking i1. C E[Ll vE ¢ IX;\ :@(A\/Bc%




Exercise 3

Visual Representation

t—1 t t+1
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Exercise 3

Estimation Results

Ho: lf}w-‘-’( &
Ho . P #4

Jouzece a3 daf M3 Number of oba = 123

re 1, 121) = 7D03.24

Model BS S278373 3 £04§.59733173 Frob > T = 0.0000

Residusl 13.1458700 143 308308087 R-squared = 0.0¢02

Ady R-sguarxed = (0.82€51

Total 08.11£0058 122 .804227€712 i( Roct M3E = .22942

hy€ Coerf. Jed. Exr. 13 F>lvl [S$3% Conf. Invexval)
ny3_3 |m|' 0354588 37.8% 0.000
_cons - 0878835 .0es85"%e -0.83 0.80%

w /

* We test the null hypothesis Hy : 51 = 1.




Exercise 3
Computing the t-Statistic

* We use the ratio of the estimated parameter minus its hypothesized value over the

standard error: ) oo
_ pr—1
t31 = —.
se(ﬁl)

* |n this example:

X A 1.1043 — 1
Br=11043, se(fr) =003 = 5 =" :{ﬂ

* Interpretation: The larger \tB

1\ s, the more evidence we have that 8, differs from 1.



Exercise 3
Two-Sided Rejection Rule

For a two-sided null hypothesis Hy: 81 = 1, we reject Hy in favor of H,: 81 # 1if
’tél‘ > C,

where ¢ is the critical value from a t-distribution with T" — k& — 1 degrees of freedom.

At the 1% significance level, ¢ =€ 2.62) Because our computed statistic ty =2.67 IS

greater than 2.62, we reject Hy and conclude 51 # 1 at the 1% level.
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Exercise 4 ELve|Yer 1= ELre ]
Predictive Model ~ Regression Output 1} .\ v (ks ot v = Ry= Ry=0
Model: H, - P,@C(c'cf,é(of (l'ty =>H 1"7%"{

~
/_a Return; | 8 @Retumt_l eturn%_l +ug,  ug ~ N(0,07).
4

X /

Scurce 33 dat ] Number of cbe = ess
>F| €8E) = 2. 2€

¥odel 15.21€9742 2 9.€0842717 Pzcb > F - @ &=

Residual 30351.20702 €ne §.4470240 B sgquared - ey A
Adl Rsquaxed = 0.0034
Total AC70.82478¢ €88 Q.4E62B82¢&72 Root MSE = «.108
Ay

fesarn Coef. Jed. Ex=e. 2 Prisl [958 Conf. Inversval]
t.tum_l L DSB8 33 LOQJBTSES 2.25 0.210 - Q2745483 L 2=82008%
zetd -.009735 .007029€ -1.38 0.1€7 -.023537 -.0040€7
_cons .225548¢€ .DET234 2.89 0.010 .0642708 .39€E2€3

Y= [t [A < +f792>(2%\‘7%7:><g +Uc



Exercise 4 Ho : @y=DP2 <

Hypothesis Testin
yp g H o {—)J [ = PJZ
E[Return; | Return;_;] = E|Returny].



Exercise 4
Hypothesis Testing
E[Return; | Return;_;] = E|Returny].
Intuitively, if both 81 and 9 are zero, then E[Return; | Return;_;] does not depend on
Return;_. = =
So we set up the null hypothesis as Hy: 81 = B2 = 0. "/
The F-statistic is about 2.16 with a p-value ~ 0.116. &<

Conclusion: Since the p-value exceeds 0.10, we cannot reject Hy at the 10% level.

This suggests that Return; does not significantly depend on past returns.



Exercise 4
Are Weekly Returns Predictable?

* Predicting Return; based on Return;_; (and Return?_,) does not appear promising:
m The F-statistic is borderline significant at the 10% level. Z

ess 1 =

m The model explains less than\1% bf the variation in Return;. £—

* Hence, there is little evidence that weekly stock returns are predictable using only past
returns.



