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Fun with standard errors

/********************************************************************************

> Lecture 3 example on standard errors

> Programmer: Paul Yoo, pyyoofuci.edu
> *******************************************************************************/

global project| "C:\Users\Jee Hyung Park\Dropbox\UCL Regression classh2021\Labs and
Problem sets\" i

global data "Q{project}data\"

global output "${project}output\”

* load data

use "S{data}for psét.dta", clear

* identify the variables we'll use for the example and apply a list-wise deletion.

The variable list includes an approximately randomly assigned variable -
child gender - plus standardized test scores for Spring of Kindergarten
(zreadl) , Spring of 1" grade (zread4) and Sw'grade (zreadé6)

// first standardize the reading variables we'll use
egen zread6 = std(read6)

(10,145 missing values generated)
egen zread4 = std(read4)

(5,074 missing values generated)

su zread6 zread4d zreadl dfemale

Variable | Obs Mean Std. Dev Min Max
_____________ e —————
zread6 | 11,265 -2.04e-10 1 —=3:235986 2.012693
zread4d | 16,336 -1.30e-11 1 -2.208911 4.469528
zreadl | 17,622 -1.6le-10 1 -1.392766 10.12822
dfemale | 21,396 .4882221 .4998729 0 1
keep if !mi(zread6, zread4, zreadl, zread2, dfemale )
(12,345 cbservations deleted)
su zreadb6 zread4 zreadl dfemale
Variable | Obs Mean Std. Dev Min Max
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ +777777.._4_‘....._________________________________.__._.._____.____.__.._.__.
zread6 | 9,065 .09795408 .9649163 -3.215906 2.012693
zreadd | 9,065 .0979004 977377 —=2.171627 4.469528
zreadl | 9,065 .061892 .9888895 -1.386883 10.12822
dfemale | 9,065 .501048 .5000265 0 1

and here’s the correlation matrix for the test score measures:




corr zread6
(obs=9,065)

zreadb
zread4d
zread?2

with a simple

Stari
Concentrate

reg zread6b

Source

Model
Residual

zreadd4d zread?

\ zreadb zread4d zreadZ
+ ___________________________
\ 1.0000

| 0.6770 1.0000

| 0.5318 0.7608 1.0000

on the standard error.

egression of Sm‘grade test scores on

child genqer.

dfemale
\ SS df MS
+ __________________________________
\ 36.7626256 1 36.7626256
\ 8402.3964¢6 9,063 .927109838
+ __________________________________
\ 8439.15909 9,064 .931063447
Coef std. Ere T
1273651 .020220601 6.30
.0341248 s 014317 238

Number of cbs 9,065
F(1, 9063) = 39.65
Prob > F = 0.0000
R-squared = 0.0044
Adj R-squared = 0.0042
Root MSE = .96287
P>|t]| [95% Conf. Interval]
0.000 0877173 .1670128
0017 .0060603 .0621894

Do standard errors change systematically with sample size? In particular
do they change with the square root of changes in sample sizes? Let’s
explore this by throwing out a random % of the data:

gen random
gen quarter

tab quarter

= runiform()
= random < = 0.25
Freqg Percent Cum
 e781 7087 74.87
2,278 25413 100.00
9,065 10000




Repeat our first full sample regression and note the sample size and
standard error:

reg zread6 dfemale

Source | sS df MS Number of obs = @
~~~~~~~~~~~~~ e F(l, 9063) = 398
Model | 36.7626256 1 36.7626256 Prob > F = 0.0000
Residual | '8402.39646 9,063 .927109838 ﬁ—squared = | 0.0044
————————————— e m——mmmmmee—me—————————— Adj R-squared = 0.0042
Total | /8439.159009 9,064 .931063447 Root MSE = | .96287
zread6 | Coef Std. Hre t P>|t| [95% Conf. Interwval]
_____________ +_._..____________.___—————.—.————————————.—.—-—.—-.———.——-————————————-_A__Affﬁ._.r_
dfemale | -1 273651 61 6.30 0.000 L.0877173 .1670128
_cons | .0341248 317 2,38 0.017 .0060603 .0621894

Now run the same regression on the Y subsample. If standard errors change
with the square root of the change in sample sizes, then a random % of the
sample should produce standard errors that are doubled in size:

reg zread6 dfemale if quarter == 1
Source | SSs df MS Number of obs = @
————————————— e F(l, 2276) = s

Model | 1.95013154 1 1.95013154 Prob > F = 0.1465

Residual | 2103.27394 2,276 .924109815 R-squared = 0.0008

————————————— e e e Adj R-squared = 0.0005

Total | 2105.22407 2,277 .924560418 Root MSE = .96131

zread6 z : t P>|t] [95% Conf. Intervall]

dfemale 1+45 0.14¢6 -.0204775 .1375178

2.92 0.003 .0272771 .1384559

Voila!




The standard error should drop if we add in a covariate that is highly
correlated with the dependent variable (in other words, that reduces the
residual sum of squares). Let’s add in the 1% grade reading score, ignore
the coefficient and concentrate on the standard error of dfemale.

First repeat the original regression:

reg zread6 dfemale

Source | S$ df I MS Number of obs 5,085
————————————— P e e e b e F(l, 9043) 39.65
Model | 36.7626256 1 36.7626256 Prob > F = 0.00QO
Residual | 8402.39646 9,063 .927109838 R-squared = 0.0044
————————————— e o Bl s i i s o Adj R-squared = 0.0042
Total | 8439.15909 9,064 .931063447 Root MSE = .96287

zread6 | Coef. Std. Err. t P>t [95% Conf. Interval]
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ +ﬁ7_,77_4._.A_‘._..__________._._.._._____.._.__.___________,..ﬁ,_ﬁf7_7_..;_..;_‘_._._.....__._._._____
dfemale | .1273651 .0202261 6.30 0.000 .0877173 .1670128
_cons | .0341248 .014317 2.38 0.017 .0060603 .0621894

How add in an independent variable that is strongly correlated with the
dependent variable in order to reduce the unexplained sum of squares:

reg zreadé6

Model

dfemale
zread4

dfemale zread4

| S5 df MS

+ __________________________________

| 3868.89866 2 1934.44933

| 4570.26043 9,062 .504332425

+ __________________________________

| 8439.15909 9,064 .931063447

Coef Std.. Err t

.0260252 .0149631 174
.6672878 .0076551 8707
L0195732 .0105609 1.85

Number of obs = 9,065
F(2, 9062) = 3835.66
Prob > F = 0.0000
R-squared = 0.4584
Adj R-sguared = 0.4583
Root MSE = .71016
P>t [95% Conf. Interval]
0.082 = 0033057 0553562
0.000 J652:28271 . 6822935
0.06c4 -.0011285 .0402749




A separate issue is about how standard errors can provide an early warning
that your estimation equation may suffer from excessive multicollinearity.
So the question is: does adding in a highly correlated variable cause
trouble? Standard error changes are a very useful indicator of trouble -
do standard errors blow up when you add in the extra predictors?

To generate possible conditions of multicollinearity, let’s add in another
test score - one from klndergarten The model doesn’t make sense
substantively, but it does illustrate how standard errors change in the

| presence of correlated variables.

Remember that}zreadZ zread4 and zread6 are highly correlatedJ

corr zread6t zread4d zread?Z

(obs=9,065)
| zread6 zread4d zread?2
_____________ +_______________m____hﬂ__ﬁ__
zread6 | 1.0000
zread4d | 0.6770 1.0000
zreadZ? | 0.5318 0.7608 1.0000

Now see what happens to the standard error on zread4 when you add in
zread?2.

First repeat the original regression:

reqg zread6 dfemale zread4

Source | S5 df MS Number of obs = 9,065
————————————— e F(2, 9062) = 3835.66
Model | 3868.89866 2 1934.44933 Prob > F = 0.0000
Residual | 4570.26043 9,062 .504332425 R-squared = 0.4584
————————————— e e e e Adj R-squared = 0.4583
Total | 8439.15909 9,064 .931063447 Root MSE = .710186

zread6t | Coef. Std. Fre. i BP>|t] [95% Conf. Intervall]
_____________ +_.._________._.______________________...._.ﬁ.—.77777777777777‘._...___________
dfemale | .0260252 .0149631 1.74 0.082 -. 0033057 . 0553562
zread4d | .6672878 SHOFEs5 81 87.17 0.000 .6522821 .6822935

cons | .0195732 .0105609 1.85 0.064 -.0011285 .0402749




Now add in the additional correlated predictor:

reg zread6 dfemale zread4 zread2

Model

o]
0]
w
'_l.
o,
c
@
'_l

3874.40394
4564.75515

9,061

1291.46798
.503780504

8439.15909

9,064

Number of obs

F(3,

9061)

Prob > F

9,065
2563, 55
0.0000
0.4591
0.4589
<7D 9

dfemale
zread4d
zread?2

[95% Conf. Interval]

.0247772
.6377669
.0386455
.0204129

.0149596
SR
.0116904
- 0105581

R-squared

Adj R-squared

Root MSE
P>t | |

|

0.098 -.0045471
0.000 .6147158
0.001 .0157297
0:« 053 -.0002834

.0541014
. 6608181
.0615614
.04110093

= ~50% increase. An increase to be sure, but not a doubling, tripling
or worse increase that indicate real trouble. More generally,
in a bunch of theoretically-appropriate control wvariables has the

benefit of reducing omitted-variable bias and rarely (but not
always'!) causes multicolinearity problems.

end of do-file

adding
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Achievement Gaps in the Wake of COVID-19 (Paper here)

Drew Bailey, Greg J. Duncan, Richard J. Murnane, and Natalie Au Yeung

Appendix 1: Qualtrics Survey

Suppose that, in early 2020 before the pandemic hit, the achievement gap on a NAEP-type math test
for children attending elementary school was +1 .00 standard deviations when children in the top
income quintile are compared with children in the bottom income qumtlle (in other words, roughly
what Sean Reardon and others have found).

1. Suppose that those same children were all somehow able to take comparable math achievement
tests this coming spring (i.e., Spring, 2021). What is your best estimate of the gap estimated from

those data?

Researcher predictions of math and reading
gapsin spring, 2021 and 2022

| |
Math gap in 2021 — 130sd

Math gap in 2022

Reading gap in
2021
Reading gap in
2022

Graph shows median predictions of 212 respondents in standard deviation units

1.25

1325

1.20sd

sd

sd

The median forecast for the
increase in the gap in math
achievement in elementary school
was a change from 1.00 to 1.30
standard deviations — fil/ in the best
interpretation!
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Regressi

on and

ANOVA

(Educ 265 week 3)

Tuble 2. Estimated Racial Achicvement Gap over the First Four Years of School, Math

) o © o
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Binth weight { 005 (0.5 U3 00y 00 {0500
i v | |
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154

HED
03

y 019 0022

21) 0115 0

2 0031 @ 132 fhe2sy
2 01608 - 2795 (01661 ~1.576 L16%H
10 nzn

024

el e v

| J b o e -
| it geop Fhe Pratin b s Suctont Stamtesd
— [ ~aneusy Taathi race_sisp ¥ replicate_smeple == 1, 146
. reg amathl gblack dhisparic dasian dother 4f replicate sarplo=-i |
Susmary of (Standardized) mathe
saurce s at W funser of obs - mac Andergarten Fal3
Fle, 20500) sdeplified std. e Frea.
nogel | 1epa.2118 & a7yesssnL pran s .
Residusl 189721599 10,600 950203761  R-squared - White RS |3 TN 6,528
5 Resguared = Slack | -_mz0as7 | 7377 feey
156,78 0,604 1.95307263  Root MSE i wopante | -mss) | mssewr s
Tetat . “ S e b Astan LAEIB66IS | 1.1008878 eas
other | 1320815 | 3.0067568 s
matht Coef. st e, T Brltl  [95% Conf. Interval) = TR TR
dbla -.6707628 | .0384056 B.008 -, 7383636
dhtspante | 7132 | Loasiose oo -6t e Saeiei st -
Gasian | ammz | eases ven ez .nemes
AT | peMEEER et e O e Batumen groups 100638 4 WIESETL 000 0.0060
|—amais ) mischy S a7 Weenle, Uithin greups 002,159 10686 95203761
Tetal MR 10ER 3.E5307268

Eartlett's test for equal vardances:

EhAZ(4) » 358,351 Probichid = 0,800

Feg zmathl éblack dhizpanic dasian

Souree. ss at

Regression

dather if replicate_samplessl

ol 5 .
Residual | | 10e72.1593| 10,680

rotad | [1usss.am| 10,0

M5 husber of obs =

(4, 10500} =

IML655TL Prob > F &
830203761 Resquaced =
R-squared =

1.ESIETHED oot M -

Zmathl Coef.  sed. fre € Pslt] 955 Conf. Interval]
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msian | 13123 eeTes 2.5 ey Lama
dother | _-.4451654  .B42875S a8 B
JmesM 1.5 B.ees ssEss L3menen

Should be White
mean

Differenceis
67076287

v. ANOVA

. eneusy 2mathl race_sisp 4f replicate,

Race,
sinplified
uhite
Black
Hispanic Fa 7
Mesan | 4SIEEIS  L.1m607E 246
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- reg seathl duite dhispanic dasian dother ¥ replicate_samplessl

Using the “test” function
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1.

Fun fact: F=t? 1 L
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Table 3. CocfMiclents from the Regression of Child's Outcome Varlables an Family Income at Ages 0
1o 15: Panel Study of Income Dynamles

Dependent Variubles/Models

Years of Hazard of
il Bind

he
[ )

Independent Variable (1) (3) () (1) Wy

Fawmily Incame at Child"s Ages 0 1a 13 I

car function e |

o2y {

Spline function |
ncome < 20,000 —

flercnce between
ncome = $20,000
and > $20,000

Natural lagari

Dummy Varlables far Family neome |
$15,000 10 $24,999 - -

$25,000 10 $34,909 - = - - — —o4
|4

$35,000 10 $49,909 - = S — i e

| [ ean

£50,000 and uver - = - = — = —laa0
|esn

Adjusted R7 192 - - = = R — -

=2 Log likelihoud — 2660 12660 12001 (2673
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Table 3. Coefficients from the Regression of Child’s Outcome Variables on Family Income at Ages 0
to 15: Panel Study of Income Dynamics

Dependent Variables/Models

Yearsi of High School Hazard of
Completed Séchooling” Completion® Nonmarital Birth®

Independel‘nt Varable () @ @) @ 1) @ @) & 1 @ 6 @

Family Income at Child’s Ages 0 to 15

Linear function J4f — = — 23 - = = Y. & N,
(.02) 07 (.10)
Spline function
Income < $20,000 =z 13 = e — 197" — — _— =50 - —
(.29) (.44) (41)
. Difference between @~ — -1.17" — — — 184 — — —_ 08 — —
income < $20,000 (.30) (.46) (.44)
and > $20,000
Natural logarithm — — 11658 — —  — 135" — — — L1 —
(.11) (.26) (.26)
Dummy Variables for Family Income
$15,000 to $24,999 — - - 8 - - — 4" — — — _5
(27) (.38) (.35)
$25,000 to $34,999 — — — 141" — — — 1.83" — — — =94
(.28) (.43) (41)
$35,000 to $49,999 — - 169 —  — 248 — 14
(.28) (.45) (43)
$50,000 and over — = = 235" —_ = = 264 — = — 240
(.29) (.49) (.54)
Adjusted R? 192 201 219 216 — — — — — e — —
-2 Log likelihood — — — —_ 7189 702.6 701.1 694.6 1,266.1 1,266.1 1,271.1 1,267.3

Note: Numbers in parentheses are standard errors. In Model 4, the omitted category for family income is
“less than $15,000.” The mean years of schooling completed was 13.5 (S.D. = 2.1); the mean rate of high
school completion was .90 (S.D. = .30).

20LS models; N = 1,323.

b Logistic models; N = 1,323,
¢ Cox models; N = 620.

*p < .05 (two-tailed tests)




