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Review and Today’s Goal

Last time, we looked at:

e Dummy/Indicator Variables

e Difference-in-Differences Design
Dummy variables help us understand the impact of more qualitative/categorical
variation.

DiD is a way we use dummy variables to get around having to assume full

exogeneity (or one of the ways).

Today, we cover model specification, and what happens to our coefficients/SE

when the right variable(s) are not included.



Suppose you wanted to test the impact of a change in the Federal Funds Rate on
the pricing of Mortgage Backed Security pricing firms. You believe that the
impact of the change in the FFR might have a different impact on the price
charged by firms small, medium and large.

Let P, be the price charged by firm i € {1,...,n} at time t € {1,...T}. Let F;
be the current Fed Funds Rate charged at time t. Denote the size of firms
however you wish.

1. Write a regression equation corresponding to the RQ: What is the impact of
the FFR on mortgage pricing, and how does it vary by firm size?



2. Suppose the Fed decides at time t; to charge different rates for small-cap
and keep large-cap firms the same (the Fed does not think medium size
firms exist). We have data before the rate change. Define your treatment
and control variables, your post variable, and write the DiD Specification
testing the impact of this change on MBS pricing.



For #1:

P,'t = BO + ﬁl(Sma//,- X FFRt) + ﬁz(Med,' X FFRt) + FX,-t + Eit
OR

Pi: = 1(Small; x FFR;) + p2(Med; x FFR;) + B3(Large; x FFR;) + T Xis + €t

and we might also want to just include Small, Med and Large on their own to
capture the base differences in pricing among different-size firms.



Answers for #2:

Define:

e Treatment = Small-cap (e.g. Cap < $N)
e Control = Large-cap

e Post, = 1{t > t,}

Regression:

Pi: = Bo + B1Small; + > Post, + B3(Small; x Post,) + T X + &

Q: How do we interpret this?



Transition Slide

Please do not actually forget everything, though.




Variable Specification

The following table shows the two ways we think about variable

(mis)specification and their consequences.

Table 6.1 Consequences of variable specification

Y =B, +B,X, +u

P=b +h.X. Correct specification,
no problems

ﬁ-’ =b +b,X. +h.X i:ncﬂ::;:it:n'lrs are

= el : unbiased (in general)
burt inefficient. Standard
errors are valid (in
general)

Y=8+B.X, +B,X,+u
Coefficients are biased
(in general). Srandard
errors are imvalid

Correct l:pr_'{_'iﬁn;;irion,
no problems



Two Issues:

1. Omission of a Variable — BIAS

2. Inclusion of a Redundant Variable — Inefficiency

Today, we will cover the first in order to set up our discussion of instrumental

variables next week.



Omitted Variable Bias: Example

You have actually already seen an example of OVB when we discussed hypothesis

testing with Hank.

e Hank thought the probability of a successful first date was solely dependent
on the length of one’s pickup line.

e Hank did not consider that attraction plays a significant role in dating.

e Without attractiveness as a variable, the length of a pickup line is biased.

e In fact, it is picking up both the causal effect of the pickup line length on
first-date-probability as well as how attractiveness impacts the success of

your pickup line.
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Other Examples of Omitted Variables:

1. Education and wage, what about natural ability?

e Some even believe we should control for occupation (this is an ongoing
debate).

2. Housing price and square footage, but what about age of the house?

3. Physical activity and bone density, what about weight?
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A quick intro to a DAG

=@

Ability Wage

Education

Figure 1: Classic OVB is thought of as a “confounder.”
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Let’s Formalize This

Suppose the true model for Y, the data generating process, depends on both X
and Z according to:

Y=00+pX+0ZL+e
Suppose you thought Z did not matter really at all, so you modeled:
Y=0+50X+e

and after fitting you get our typical estimate of (; :

<

5, = ZiX = X)(Yi = V)
=% — X7
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Recall: If Bl were unbiased... i

If Y = By + S1X + € was the right model, we can show that our estimate of 3 is
unbiased if we assume that E[e;|X] = 0.

o Yi= 00+ BiXi +¢;
o V=0 +/X+E
e —> Y,-—\_/:ﬁlXi—)_()—i—(g,-—é)
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Recall: If Bl were unbiased... i

Thus we can write:

>i(ei — (X — X)

ﬁlzﬁl_}' Z,-(X,‘—)_()2

and since E[gj|X] =0, B, = E[51]v’
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BUT WAIT

Clearly, in the case of omitted variable bias, E[e;|X] # 0. Work in groups and try
to figure out what the bias is going to be for the problem given the following:
o True Model: Y; = By + 1 Xi + BoZi + €

e Regression Basis: Y; = 5y + (1.X; + &}

A _ iXi=X)(Yi=Y)
M e S
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OVB Formally

If the true model is Y; = By + 1 Xi + B2Z; + € then:
Y,'— ?:51(X,—)_<)+52(Z,—2)+(5,—é:)

We can thus expand our OLS estimator of (i

5, = ZiX = R)(A

X) + B
Z(X >_<)
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b, = 2ilXiz X)(Bi(Xi = X) + Bo(Z: — 2) + (e — £))

XX = X) -
N S BQZi(gi(—Xﬁ()zé); 2) | Z,(g(; ,-X—)(;)z_ )
= fi=p+ 522;(§i(_xj<1()z_<f)2_ 2
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The Bias Portion

There are two parts to the bias portion:

(B5052)

OLS coefficient fro?nr regressing Z on X

31251 -+ B2
~—

Effect of Z on Y

i.e. this is &y from a regression of 7 = Gg+ & X. (This works for the simple
regression only, really this is just the sample correlation between X and Z.)
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What does this mean?

This means that, if you must omit a variable for whatever reason, we can use
logic/theory to tell us what we might expect the sign of the bias to be! Let's
think about some concrete examples.

1. Education on wage, omit natural ability.

e What is the impact of ability on wage?
e What is the correlation of ability and education?

2. Hank's problem, we omit attractiveness.

e What is the impact of attractiveness on first-date probability?
e What is the correlation of attractiveness and how well a pick up line works?
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Next Class

e Including a redundant variable.

e Instrumental Variables
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