Desi

06: observational studies

Scott Spencer | Columbia University



Initial questions about the pre-lecture notes?



observational studies



controlled experiments

randomizing treatment asymptotically balances
pre-treatment differences among observations

ethics

control

expense

time
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observational studies

data readily available

selection
confounding
omitted-variable bias
balance

overlap



confounding covariates and omitted-variable bias
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simple example using simulated data

Treatment has no effect, potential confounding set. seed(1)
covariate balanced between treatment and control v < 1es

sigma <- 0.5

d <- data.frame(
independent = c(rep("control", 0.5 * N), rep("treatment", 0.5 * N),
rep("control", 0.5 * N), rep("treatment", 0.5 * N),
rep("control", 0.5 * N), rep("treatment", 0.5 * N)),
confounder = c(rep(1, N),
rep(2, N),
rep(3, N)),
dependent = c(rnorm(N, 2, sigma),
rnorm(N, 3, sigma),
rnorm(N, 4, sigma))
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confounder bias, simple example using simulated data

omitting the confounder including the confounder
d _bar <- d %>% group_by(independent) %>% d bar <- d %>% group_by(confounder, independent) %>%
summarise(count = n(), dependent = mean(dependent)) summarise(count = n(), dependent = mean(dependent))
ggplot(d) + ggplot(d) +
theme_tufte(base family = "sans") + theme_tufte(base family = "sans") +
geom_density(aes(x = dependent, y = ..scaled.. * n), geom_density(aes(x = dependent, y = ..scaled.. * n),
fill = "lightgray", outline.type = "both", bw = 0.25) + fill = "lightgray", outline.type = "both", bw = 0.3) +
geom_vline(data = d_bar, aes(xintercept = dependent)) + geom_vline(data = d_bar, aes(xintercept = dependent)) +
geom_text(data = d_bar, aes(x = 5, y = N / 10, geom_text(data = d_bar, aes(x =5, y = N / 10,
label = paste@("N = ", format(count, big.mark = ","))), label = paste@("N = ", format(count, big.mark = ","))),
size = 8/.pt, hjust = 0) + size = 8/.pt, hjust = 0) +

facet_grid( ~ independent) + facet_grid(confounder ~ independent) +

scale _x_continuous(breaks = 0:6) + scale x_continuous(breaks = 0:6) +

scale_y continuous(breaks = NULL) + scale_y continuous(breaks = NULL) +

labs(x = "Dependent variable", y = "Relative frequency") labs(x = "Dependent variable", y = "Relative frequency")

control treatment control freatment

N = 50,000 N = 50,000

n
N = 50,000 N = 50,000
w
150,000 150,000
= 50,000 = 50,000
- 5 6

0 1 2 3 4 5 6
Dependent variable

Relative frequency
Relative frequency

0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3
Dependent variable
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simple example using simulated data

Treatment has no effect, but selecting z; by d <- data.frame(

independent = c(rep("control", 0.8 * N), rep("treatment", 0.2 * N),

confounding covariate may bias the analysis. rep("control”, 8.5 x N), rep("treatment’, 0.5 * N),

rep("control", 0.2 » N), rep("treatment", 0.8 * N)),
confounder = c(rep(1, N),
rep(2, N),
rep(3, N)),
dependent = c(rnorm(N, 2, sigma),
rnorm(N, 3, sigma),
rnorm(N, 4, sigma))
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confounder bias, simple example using simulated data

omitting the confounder including the confounder
d _bar <- d %>% group_by(independent) %>% d bar <- d %>% group_by(confounder, independent) %>%
summarise(count = n(), dependent = mean(dependent)) summarise(count = n(), dependent = mean(dependent))
ggplot(d) + ggplot(d) +
theme_tufte(base family = "sans") + theme_tufte(base family = "sans") +
geom_density(aes(x = dependent, y = ..scaled.. * n), geom_density(aes(x = dependent, y = ..scaled.. * n),
fill = "lightgray", outline.type = "both", bw = 0.25) + fill = "lightgray", outline.type = "both", bw = 0.3) +
geom_vline(data = d_bar, aes(xintercept = dependent)) + geom_vline(data = d_bar, aes(xintercept = dependent)) +
geom_text(data = d_bar, aes(x = 5, y = N / 10, geom_text(data = d_bar, aes(x =5, y = N / 10,
label = paste@("N = ", format(count, big.mark = ","))), label = paste@("N = ", format(count, big.mark = ","))),
size = 8/.pt, hjust = 0) + size = 8/.pt, hjust = 0) +

facet_grid(confounder ~ independent) +
scale x_continuous(breaks = 0:6) +
scale_y continuous(breaks = NULL) +

facet_grid( ~ independent) +
scale _x_continuous(breaks = 0:6) +

scale_y continuous(breaks = NULL) +
labs(x = "Dependent variable", y = "Relative frequency") labs(x = "Dependent variable", y = "Relative frequency")

control treatment control freatment

N = 80,000 /\_ N = 20,000
n
N = 50,000 N = 50,000

= 150,000 N A\ 150,000

[T n=20000 < 80,000

0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5 6
Dependent variable Dependent variable

Relative frequency
Relative frequency
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simple example using simulated data

Treatment has an effect, but selecting z; by d <- data. frame
. . ! independent = c(rep("control", 0.2 * N), rep("treatment", 0.8 * N),
confounding covariate may mask the effect. rep("control”, 0.5  N), rep(*treatment’, 8.5 x N),
rep("control", 0.8 » N), rep("treatment", 0.2 = N)),
confounder = c(rep(1, N),
rep(2, N),
rep(3, N)),

dependent = c(rnorm(0®.2 = N, 1.5, sigma), rnorm(0.8 * N, 2.5, sigma),
rnorm(0.5 = N, 2.5, sigma), rnorm(0.5 * N, 3.5, sigma),
rnorm(0.8 = N, 3.5, sigma), rnorm(0.2 = N, 4.5, sigma))
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confounder bias, simple example using simulated data

omitting the confounder including the confounder
d _bar <- d %>% group_by(independent) %>% d bar <- d %>% group_by(confounder, independent) %>%
summarise(count = n(), dependent = mean(dependent)) summarise(count = n(), dependent = mean(dependent))
ggplot(d) + ggplot(d) +
theme_tufte(base family = "sans") + theme_tufte(base family = "sans") +
geom_density(aes(x = dependent, y = ..scaled.. * n), geom_density(aes(x = dependent, y = ..scaled.. * n),
fill = "lightgray", outline.type = "both", bw = 0.25) + fill = "lightgray", outline.type = "both", bw = 0.3) +
geom_vline(data = d_bar, aes(xintercept = dependent)) + geom_vline(data = d_bar, aes(xintercept = dependent)) +
geom_text(data = d_bar, aes(x = 5, y = N / 10, geom_text(data = d_bar, aes(x =5, y = N / 10,
label = paste@("N = ", format(count, big.mark = ","))), label = paste@("N = ", format(count, big.mark = ","))),
size = 8/.pt, hjust = 0) + size = 8/.pt, hjust = 0) +
facet_grid( ~ independent) + facet_grid(confounder ~ independent) +
scale _x_continuous(breaks = 0:6) + scale x_continuous(breaks = 0:6) +
scale_y continuous(breaks = NULL) + scale_y continuous(breaks = NULL) +
labs(x = "Dependent variable", y = "Relative frequency") labs(x = "Dependent variable", y = "Relative frequency")
control treatment control treatment

T~ N = 20,000 N = 80,000
n
N = 50,000 N = 50,000

N = 150,000 N =\{50,000
N = 80,000 Bl . SYOLT
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regression adjustments, stratification, matching,
and weighting, and combinations of these
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adjustments with multivariate models
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relationship of classical statistics to regression models

Let’s simulate some example data, We get these statistics by regressing on a constant:

set.seed(1)
n_ o0 <- 20
y 0 <- rnorm(n_0, 2.0, 5.0)

;)7’““ /%O . ]_'+'f;

1 <- 30

y 1 <- rnorm(n_1, 8.0, 5.0)

¢ ~ Normal(0,0)

and calculate sample means y and standard deviation s:

mean(y_0) sim_0 <- data.frame(y_0)

sd(y_0) / sqrt(n_0) glm_0 <- glm(y_0 ~ 1, data = sim_0)
sim_1 <- data.frame(y_1)

mean(y_1) glm_1 <- glm(y_1 ~ 1, data = sim_1)

sd(y_1) / sqrt(n_1)
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relationship of classical statistics to regression models

Let’s simulate some example data, or get the difterence by regressing on an indicator:
set.seed(1)
n_ o0 <- 20
y 0 <- rnorm(n_0, 2.0, 5.0) y ~ ﬁo ) 1 ﬁl ) xl €
1 <- 30 _
y 1 <- rnorm(n_1, 8.0, 5.0) X . O’ Zl T O
i =
1, z=1

. o ¢ ~ Normal(0,0)
recall calculating X, — X, and standard deviation s:

diff <- mean(y_1) - mean(y_0) y <- c(y_0, y 1)
X <- c(rep(®, n_0), rep(1, n_1))
s 0 <- sd(y_0) / sqrt(n_0) sim <- data.frame(x, vy)

s 1 <- sd(y_1) / sqrt(n_1)

glm_delta <- glm(y ~ x, data = sim)
s <- sqrt(s_ 0 * 2 + s 1" 2)
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adjusting for multiple covariates

If we assume additivity, we can adjust for
multiple covariates using regression, e.¢: y~ o+ pix;+...+ 0 x, +e€
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propensity scores and matching
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restructure observational data to resemble a randomized experiment

Step 1: Defining the confounders and estimand
Step 2: Estimating the propensity score
Step 3: Matching to restructure the data
Step 4: Diagnostics for balance and overlap
Repeat steps 2—4 until adequate balance is achieved

Step 5: Estimating a treatment effect using the restructured data
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example — step 1: defining the confounders and estimand

. New Bri

Pennsylvania Middletown | Newburgh

*s t New Haven
. Williamsport el '

* Wilkes-Barre * Bridgeport

.State College Newark . e171 . .
- Allentown_ , +Easton o, 4N oW-York Observations: About 2 million residential

Altoona Bethlehem properties in Mid-Atlantic region sold between

, Hamisburg e« Reading , Long Branch

Norristown o Trenton 2005 and 20 1 8.

\ * Lancaster _Philadelphia
York

& Hagerstown 1)1 L SRS N.J. Estimand: effect of expected coastal flooding on
: Vineland . . . . . .
L Atantic Gity sale price of single-family residential properties

2 Fredenick
Baltimore Millville ®
»

-
Columbia Dover
e Annapolis

Washington Del. Potential confounders?
¢ St. Charles
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. Charlottesville mm Be
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o Lynchburg
o Petersburg

Hampton
. Virginia Beach

Newport News _e

Norfolk *

Janville
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propensity scores and matching, example — step 1: defining the confounders and estimand
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Observations: About 2 million residential
properties in Mid-Atlantic region sold between

2005 and 2018.

Estimand: effect of expected coastal flooding on
sale price of single-family residential properties

Confounders: location, neighborhood or region,
area of property, area of building, month and
year of sale,

8
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propensity scores and matching, example — step 1: defining the confounders and estimand

Pennsylvania [ Middletown ,_—eNewburgh  °
. Wi_lllyllamsport * Wilkes-Barre ," s i Name Number of rows Number of columns Piped data 35228 24
- . P~ Bridgeport Column type frequency: factor numeric 816
:i R U - _ r_ | Group variables None
4 Newark  New-York .
Allentown  , *Easten /(@ Variable type: factor
"\ Bethlehem
H amsburg « Reading , Long Branch skim_variable missing complete n_unique
A~ horristown | . Irenton fsid 0 35228 35228
¥ _W‘Lphld | ;‘ saleyear 0 35228 13
o ancaster 2y adeipnia instrumentdate 0 35228 3425
| e =X blocks 0 35228 7426
__ s Hagerstown Al ngt?_h N.J. blkgrs 0 35228 787
) S Md: , Vineland tracts 0 35228 339
& Millville ® ¢ Atlantic City contys 0 35228 22
Baltimore
s x° states 0 35228 3
Columbia 6over
_ Adington _, e Annapolis Variable type: numeric
" Y~ Washington
) St Charles Del. skim_variable missing complete mean sd p0 p25 p50 p75 p100
Hanteonbur f Bomis transferamount 0 35228 347225.18 309423.10 4450.00 157500.00 275000.00 440000.00 9500000.00
; Pr_Sq_Ft 0 35228 182.58 10558 10.03 111.54 166.67 238.33  544.68
=, X 0 35228 -7595 059 -77.25  -76.48  -76.17  -75.28  -7A.77
____, Charlottesville | R i y 0 35228 3881 046 3796 3848 3878  39.13  40.25
- 1\ Cliesepelee ey coastdistft 0 35228 135051 355009 0.00 4300 398.00 980.00 55951.00
RN | yearbuilt 0 35228 1969.56  37.251700.00 1950.00 1977.00 2000.00  2018.00
Virginia ~___ fld_fsid 0 3528 012 026 000 000 000  0.08 1.00
e Richmon fild_blocks 0 3528 013 022 000 000 003 0.6 1.00
o Lynchburg S fld_blkgrs 0 3528 013 017 000 002 007 0.7 0.93
o Petersburg fld_tracts 0 35228  0.11 0.15 0.00  0.01 0.05  0.14 0.90
8 N fld_contys 0 35228 006 011 000  0.01 0.02  0.05 0.57
\ pton
NOWROT Nowe .54 s fld_states 0 3528 003 001 000 002 003 003 0.04
Norfolk®) ©® Jna=eac rdem_fsid 0 3528 012 023 000 000 001 0.1 1.00
—— 1 log_areabuilding 0 35228 742 046 472 710 740 772 10.17
' log_arealotacres 0 35228 -1.10 1.14 -4.78 -1.76 -1.22 -0.56 9.59
log_coastdistft 0 35228 5.1 293 000 378 599 689  10.93
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example — steps 2 & 3: estimating propensity score, matching to restructure data

Pennsylvania { Middletown , oNewburgh  * ,NewBn Steps 2and 3
, Williamsport p Scranton New Haven | ,
Wilkes-Barre * Bridgeport
¢ State College Newark New-York
Allentown _ o Easton 7
g NROONA Bethlehem
, Harrisburg « Reading Trehton Long Branch
Norristown °
. *Lancaster_._Philadelphia
York
S agerstow <l SIS N.J. Matching method: non-parametric
: ’ _Vineland . . . .
Froderick &4 0t es g Attantic Cit given co-variates including
| Courbia e building area, property area, geographic location,
Aingtofies ) distance from coast, government boundaries, year
Washington Del.
{oreonbure + St. Charles built, sale month and year... from treatment (expected
flooding) and control (expected no flooding) groups
o Charlotienville Cliesepestte B6y used to match treatment to control.
Vi rginia , Richmond
o Lynchburg
+ Petersburg library(Matching)
Newport News _e Hampton
Virginia Beach : :

Norfolk®) * matches <- Match(Y = __, Tr = __, X = __, Weight.matrix = prop_scores, ...)

Janville

| -

treated <- d[matches$index.treated,
control <- d[matches$index.control, ]
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propensity scores and matching, example — step 4: diagnostics for balance and overlap
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propensity scores and matching, example — step 5: estimate treatment effects, after adjustments for covariates

(Custom Bayesian) model still included adjustments because matching won’t create perfect balance and overlap ...

200 - | 200 -

100 - 100 -
° 35
> 2
= ()
S o- S o-
< reY
-100 - -100 -
38.0 38.5 39.0 39.5 40.0 -77.0 -765  -760 -755  -75.0
latitude longitude
40
100 - 300 -
300 -
O_
&= 50 200 -
7 200 -
~~
® 0- -40 - 100 -
2 100 -
B 50 0
) -80
O-
-100 -
-100 -
0 3 6 9 5 0 5 10 6 8 10 1700 1800 1900 2000
log(coastdistft) log(lot acres) log(building sqft) year built
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example — step 5: estimate treatment effects, after adjustments for covariates

Year-over-year fractional discount of price per square Counterfactuals: expected flooding in areas surrounding
foot of property associated with expected flooding. property may matter more than flooding on property.
high property flooding high property flooding
high surrounding flooding low surrounding flooding

O

low property flooding low property flooding
high surrounding flooding low surrounding flooding
-0.50 -0.45 -0.40 -0.35 -0.30 -0.25 -0.20 -0.15 -0.10 -0.05 0.00 -0.6 -0.4 -0.2 0.0 -0.6 -0.4 -0.2 0.0
Discount on property value Discount on property value
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group project work
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