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— INTRODUCTORY ECONOMETRICS —SUMMARY ——¢

| Key 4akeaways: ¢ corvelation £ causation * covrelation = covrv (%,2)

* covaviance = cov(X,2) =__cov(x,3)
= B(X-U)(2-U,) var (x) var(2)
= = Sxna = 6xn
« Y = Sameie avevage LPL1Y

tasrsii==r,
(i-e. increasing the sample siae makes ¥
approach gopulation W)
* centro) Limit Theovemn (CLT): Increasing sample site wilt make ¥ (sampie wmean) move
normally distriputed.

* Low of larae numbers: ¥ 5 AL, some e

Causal effects + statishical concerts

Economics suggests relationships, but never quantitarive magnitudes of cavsal
efeects —> . in $his course we want 4o find out

Cousol effect: changing ‘a' causes ___ change in ‘i’
* we could use experiments o measure quantivakively

GUT +they ave hordly ever feasible (expensive, 4ime consuming etc.)
° S0 we use observational data

Using observational dota 1o estimaie causal effects has difficulies:
* confounding esfects

* simuitaneous cauwsality
e covrelahon £ causalon

Discrete: Probabilihy of a specitic value of Y (eq. Pr(¥=630))
Continuous: Probability of Y being besween valnes (e.q. Pr{6uos Yy < 660))

Nhg use Y 40 estimate M,?

is leasy squaves estimaior of ,«.,
i$ unbiased: E(Y)=my

is consistent: ¥ - m,

hos smafler § 4hon all erher fintar unviased estimators

L1 ) ) <

¥ Least squares estimation creafes a Knear regression 4o % a ser of dota points
such that the sum of the Squared residuols (i-e. distance W tevms of ¥
between the data points and regression ine) is minimised



Estimahion, Hypothesis dests % Congidence Intervals

Statistical inference: using observational data #0 draw conclusions obout the populetion.
L dhe first step 4o obfaining inkevences about the population is estimation

Estimation: ¥ Estimators inciude values such as 7 (sampie mean), Y, (15 observotion)
median, mode eic. _
Ly We usually use ¥ ¥ using  OLS {0 estimate siore

Hypothesis Testing: * null hypothesis (Ho) always includes equals (=, < ,%)
* alfernative hypothesis (H) is an ineauality (#,7,<)

Confidence Inttrval: A 9S7. eonfidence interval for My is an interval +hat
contains +he fhrue value of My in QS7. of repeared samples.
Ci.c... set of values of M, NOT rejected by a hypothesis
+est with a S7. LOS.

M: 22 (Vwm) MxtiamlVR)  pPr 2w (83) » 8¢ ‘.&).5
h

“based on the sample, Lpopn. porameter] is estimated with [1L0c) 7. confdence
4o be between and A

Toeic. 2: Linear Regression with one reqressoc

| Key Takeawauys: Y;=Po* A X+ wi  ° f,= intercept
° A, = slope
¥ ‘not™ (~) shows i i$ an estimator * WU; = regression evror (omitted foctors)

R (-frach'oo; of voriance of Y explained by X (percentage , unittess)
osnr*<!



Enhity Demand OLS regression:
eiq',t L ,5| a)’(i,g + "u'.“ where

enotes X minus avg. value 0f x ()
1-e. Y

% d
~¥=p.(x-%) 4 (u-@)

LsA #1(: ﬁ‘!iiliilmnih.&n ) =0

e extension of orevious LSH #\
°* no omitted lagged effects
* no 4eedback from u 40 future X

Uiy hos mean gero, given the entity fixed effect (o) and entire history of X

wn are j.i-d

enfities are randemly sampied from population using SRS

« does NOT require observations jo be ii.d. (random) $0r the same enkihy over Hme
- 4hat would be unvealishic'

o Satished ;

(e.q. high beer f0x +his year means probably high newt year 00 - correlotion)
* cov(Ug , Wya) is Ofken plausibly non-3Lr0

ic 9: Regression with a b

11

Key takeaways: Y= ot AX+WU =2 Y=binory (i.e.200r))

Ls can sHil use OLS regression os long as conditional mean independence is satisfied !

f3, = & predicted probabiliny hat Y=i, for wnit AX
BUT issue with usin, linear model is that we recieve

probabilities oulside she 0-1007. ronge (ean+ interpret)
we use Probit or l0oit! (0% pr(vet]x) €V)

probit: Pr (Y:=11x)= 8 (2) where... 2= B0 X
* use normal distribution 2 table to find prokbability
% Logitt Pr (Y=ulx)= I q.[

- Just plug Z in o the
i equation o find probobiliny!
Measures of Fft for pwbit + logit:

e R® and R? oloesny moke sense for binary ¥ (data points arent ON regression line)
.. insread we use...
1. Fraction correctly predicted

fraction of ¥ for which predicted prob = 2507. when octual Y=1 (or <507. when ¥=0)
2. Pseuds R

improvement in value of 1og-Kikewood , relative fo hoving no X's

In linear probability model, predicied yolue of Y is interorered as predicteol probobility
that Y=1...° ¢ LSA#| holds, E(Yix)= w(v:llx\:ﬁ,.b{!.x

* oL is valid, 9iven LA™ wolol, and yielas unbinsed

For linear, probi+ or Iogit models... we can shi use P-values inthe same way
* ALSO, if chi® is large, it indicates stalistical significance



