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THE GOALS OF SOCIAL SCIENCE

o Explain the world around us. What is really happening and why.
o Example: do Kindles boost test scores?
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THE GOALS OF SOCIAL SCIENCE

o Did the Kindle intervention work?

Average for students with Kindles

Before After




WHAT’'S WRONG WITH THIS?
Some (not all) Key Blases:

o (1) Self Selection Bias

o (2) Omitted Variable Bias / \
o (3) Attrition Bias

o (4) Counterfactual Kindle Program |




CONVENTIONAL METHODS OF ADDRESSING
BIASES

o Add a control group — addresses counterfactual
bias

m Kindle
m Control

Before After




MATHEMATICAL-BASED METHODS OF
ADDRESSING BIASES

Econometrics

Introductory
A) Regressions Econometrics

A Modern Approach

B) Controlling i nr‘f%? il

C) Instrumental variables

D) Randomized trials 4e Jeffrey M.Wooldridge

Woodridge, Jeffrey M. Introductory Econometrics: A Modern Approach.
Cengage Learning, 2008. © Cengage Learning. All rights reserved.

This content is excluded from our Creative Commons license. For
E) Other methods

more information, see http://ocw.mit.edu/fairuse.
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SIMPLE LINEAR REGRESSION: OVERVIEW
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SIMPLE LINEAR REGRESSION: DERIVATION

The goal is to minimize the sum of square residuals
in order to find the line of best fit:
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SIMPLE LINEAR REGRESSION: DERIVATION
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SIMPLE LINEAR REGRESSION: DERIVATION

Plug in alpha from equation (1) into equation (2):
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SIMPLE LINEAR REGRESSION

Yi — a_l_lg)(i_l_gi
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SIMPLE LINEAR REGRESSION: AN EXAMPLE

Does a kindle club (as described before) boost test

scores?

Let’s find out!

Yi ZOl-I-ﬁ)(l. —I—gl. where

Dependent Independent
Variable Variable

]
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Y, = Atestscores

X, = participatinginKC



READING PROGRAM: TEST SCORES

regreaa diff ko

Source 55 df MS Number of ocbs = 223

Fi 1, 221) = 2.43

Model .829634148 1 825634148 Erobh » F = [0.1204

Besiduzl 75.4243508 221 .341286655 B-sguared = 0.010%

Adjy B-sguared = 0.0064

Total TE&.2535985 222 .34348641% Boot MSE = L5842

diff Coef. Std. Err. t x|t [95% Conf. Interwval]

ko .215468 13659144 1.56 0.1z20 -.0563565 .48332328

_cons .244532 .041002& 5.96 0.000 1637258 .3253382
Thus, we have: Result:

[=.213468
AN NNER

Where:

diff is the difference in test
score over 8 weeks

and

Kc is a dummy variable that
equals 1 id a student
participated in the club and
0 if they didn’t

Participation in the Kindle Club results in an
increase of .2134 on standardized test scores
relative to all students in the school (everyone
else increased around .22 naturally)

13



ECONOMETRICS: CONTROLLING

| expand the simple linear regression to include more independent (or
predictor) variables:

Y, = 0“":81)(11"':812)(12"':613)(13"'13111)( T &,

Multiple regression allows me to control for certain characteristics (i.e. |
can determine relationships holding/given certain variables constant).

This takes into account covariance among variables.

Intuition: conditional probabilities

14



READING PROGRAM: CONTROLLING

| control for (1) income status and (2) grade level:

. regreas diff kc maincomesatatualnonecrnotdefinedl grade

Source 55 df M5 Humber of cbs = 222
Fi{ 213) = 3.45
Model 3.46703073 3 1.158676391 BProb * F = 0.0171
Besidusl 72.7171155 218 .335356475 B-aguared = 0.0455
Adj R-sguared = 0.03Z24
Total T6.1841462 221 344724643 Root MSE = _HT7755
diff Coef. S5td. Err. t Ex|t| [95% Conf. Interwvall
ke .2540788 .13621598 1.87 0.0&3 -.01435975 .5225552
maincomestatus~l 022075 .O0672073 1.583 0.127 -.0295514 .235367
grade -.1076672 .0475764 -2.26 0.025 -.201435% -.01383986
_cons .9015443 .343133%6 2_63 0.oo3 .2255422 1.578346

Result: our
estimate for
impact of kindle
club participation
on test score
increase relative
to the whole
school goes up by
.04

Explanation 1: free lunch, harder to improve, so had more kids with
free lunch such that when we control, we have a higher impact

Explanation 2: higher grade level, less room for improvement since
higher baseline so we had more kids at a higher grade level in group
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DID IT WORK!?

More issues

Omitted Variable Bias

(can’t control for everything) — factors not included in
regression which impact independent and dependent
variable

Selection Bias
Attrition bias
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ECONOMETRICS: INSTRUMENTAL VARIABLES

Examples of Z

o Birth Date

o Gender

o Twins

Causal OQutcome

o Returns of an extra year
of schooling

o Title IX affect on labor
market outcomes

o Family size effect on
schooling
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ECONOMETRICS: INSTRUMENTAL VARIABLES

Using a random variable to “instrument” for causality
such that Z has no correlation with Y outcome
variable, but is highly correlated with X such that you

can attribute a causal impact of Xon Y

Yl. :a—l—ﬂ)(l. + &, Where
Cov(Z,&,)=0 and
Cov(Z. X.)>0
Y=a+ [l +¢ |
[]

]
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ECONOMETRICS: RANDOMIZED TRIALS

Program design: randomly assign treatment and
control group (like clinical trials in medicine) — eliminates
motivation/demographics biases in intervention

In this case Z;, can act as an instrumental variable since
our treatment dummy variable is determined by random
lottery

Y=o+ [ +¢,

Now, B has a casual interpretation, not just correlation
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USING RANDOM ASSIGNMENT FOR |V APPROACH

o Add a random control group — addresses
counterfactual bias, omitted variable bias, self-
selection

m Kindle

m Control

Before After
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READING PROGRAM: RANDOMIZED TRIAL

| regress the dummy treatment variable X (1 if randomly selected into
the KC, 0 if randomly not selected) on the difference in test scores after

8 weeks

. regress diff treated2

Source 55 df M5 Humber of ocbka = 223
Fi 1, Z21) = 4. 57

Model 1.54468656 1 1.54488656 Probh = F = [0.0338
Fesidual 74 7092984 221 _32380B1124 B-3sguared = [0.0203
R4y B-sgusred = 0.0158

Total T6.253985 222 .34348641% Boot MSE = .5B81l4z2
diff Coef. Std. Err. t Bxt| [95% Conf. Interwval]
treated? . 2685555 J1BRE352 2.14 D.024 .0209&3 65161555
_cons .2347733 .0M 2153 5.70 0.000 .1535474 .31&60003

Result: our
estimate for
impact of kindle
club on test score
increase is .26 of
a reading level
(causal since
relative to random
control group)

Note 1: this is a rigorous result. Also, notice that the regression with
controls yields a result closest to the controlled regression

Note 2: it is critical to check for statistical significance

Note 3: measuring intention to treat effect, so underestimate of impact
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|S CATEGORY THEORY USEFUL FOR SOCIAL
SCIENTISTS?

3.1.2 Monoid acti

Definition 3.1.2.1 [Monoid
action of (M,e,*) on S, or sim
function

such that the following conditions | m, & M and all s € §:
»eC5E -8

e mGinGsl — (m+*n)
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SO WHERE DOES CATEGORY THEORY COME
IN?

Defining and determining Omitted Variable Bias
through some comprehensive olog
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ONE POTENTIAL OLOG: KINDLES AND TEST SCORES...WHICH
DOESN'T WORK BUT IS USEFUL NONETHELESS (NOT
FUNCTIONS FROM SETS TO SETS)

lives in has access to
A safe — A person from a —_— Test
neighborhood wealthy family preparation
Grade
Level

has
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Space to study
effectively
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enables students to read through exposure to reading increases
. F&P readin
NG > Books > 2
scores

Through more study time increases
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A REAL OLOG

A pair (u,v) where
uandv are

distinct students

A pair of scores A pair of scores

(s1, s2) for one (s1’, s2’) for one
test test

The difference \l The difference

A number

f: sends v to a bad school without a Kindle; send u to a good school without a Kindle.
g: send v to a bad school with a Kindle; send u to a good school with a Kindle.

Note: choose a global variable which captures effects from other variables
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VWHAT CAN | CONCLUDE FROM THIS OLOG?

Creating an olog helps the social scientist think through
the various processes and factors which might affect our
outcomes of interest

There are multiple sources of omitted variable bias

The process of creating an olog helps a scientist determine a
comprehensive system which can includes as many factors
as the social scientist deems relevant

“A wealthy family” captures many of the omitted
variables, seen by the connecting arrows

thus controlling for having a wealthy family should yield
estimates close to those causal estimated using a
randomized controlled trial
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READING PROGRAM: CONTROLLING

| control for (1) income status and (2) grade level:

regress diff kc maincomestatuslnonecrnotdefinedl grade

Source 55 df M5 Humber of obs = 222
Fi 3, 21g8) = 3.486
Model 3.48703073 1.155676591 Prob > F 0.0171
Residual T72.7171155 .33356475 R-sguared = 0.0455
2d] B-sguared = 0.0324
Total Te.1841462 .344724643 Root MSE = _BT775E
diff Coef. S5td. Err. t Ex|t| [35% Conf. Interwval]
ke L2540781 1362158 1.87 0.063 -.01435975 .B225552
maincomestatus~l LOBET72073 1.53 0.127 -.0235514 .235367
grade -.1076672 .0475764 -2.26 0.025 -.201435%9 -.01385986
_cons .9015443 .3431536 2.63 0.o005 L2255422 1. 578346
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INSTRUMENTAL VARIABLES APPLICATION USING
OLOGGY-LIKE STUFF (ANOTHER BROKEN BUT

USEFUL OLOG)
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CONCLUSION

If we design ologs before our analysis phase we
can make sure that:
(1) we come up with credible instrumental variables

(2) when we control for all relevant variables that might
have otherwise been omitted and determine which
variables can proxy for others

This is important because:

Randomized trials are expensive and we often resort to

controlling as an alternative option to determine causal
relationships

In the absence of randomized trials, we also need good
Instruments to determine causal relationships
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