

http://rogosateaching.com/stat209/W7RQ6.sol
http://rogosateaching.com/stat209/21lect8.pdf
http://rogosateaching.com/stat209/partaL8.mp3
http://rogosateaching.com/stat209/partbL8.mp3
http://web.stanford.edu/~rag/stat209/benexs.pdf
http://www-stat.stanford.edu/~rag/stat209/benexshnd
http://rogosateaching.com/somgen290/week2RQ5.sol
http://rogosateaching.com/somgen290/cc1_hnd.pdf
http://rogosateaching.com/somgen290/17cc1_session
http://rogosateaching.com/somgen290/lalonde_redo
http://rogosateaching.com/somgen290/lalonde_cobalt
http://rogosateaching.com/somgen290/lalonde_optmatch
http://rogosateaching.com/stat209/19MatchingLab.pdf
http://rogosateaching.com/stat209/19lab4base
http://rogosateaching.com/stat209/19lab4extra
http://rogosateaching.com/stat209/19lab4ancova
http://www.rand.org/statistics/twang/tutorials.html
http://pareonline.net/getvn.asp?v=20&n=13
http://smm.sagepub.com/content/early/2015/04/30/0962280215584401.full
http://gking.harvard.edu/matchit/
https://cran.r-project.org/web/packages/MatchIt/vignettes/matchit.pdf
http://imai.princeton.edu/research/files/matchit.pdf
http://cran.us.r-project.org/web/packages/optmatch/optmatch.pdf
http://cran.r-project.org/doc/Rnews/Rnews_2007-2.pdf
https://cran.r-project.org/web/packages/optmatch/vignettes/fullmatch-vignette.html
http://dept.stat.lsa.umich.edu/~bbh/cscarworksheet.pdf
https://www.r-pkg.org/pkg/optmatch
http://user2007.org/program/presentations/hansen.pdf
https://cran.r-project.org/web/packages/optmatch/vignettes/fullmatch-vignette.html
http://dept.stat.lsa.umich.edu/~bbh/hansen2004.pdf
http://www.stat.lsa.umich.edu/~bbh/hansenCWRpres2005.pdf
http://vote.research.yale.edu/New%20Haven%20Archive/replication.html
https://cran.r-project.org/web/packages/cobalt/vignettes/cobalt_A1_other_packages.html
https://cran.r-project.org/web/packages/cobalt/vignettes/cobalt_A0_basic_use.html
https://www.jstatsoft.org/article/view/v029i06/v29i06.pdf
http://sekhon.berkeley.edu/matching/
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2 lalonde

help.matchit HTML Help for Matchit Commands and Models

Description

The help.matchit command launches html help for Matchit commands and supported methods.
The full manual is available online at http://gking.harvard.edu/matchit.

Usage

help.matchit (object)

Arguments
object a character string representing a Matchit command or model. help.matchit ("command")
will take you to an index of Matchit commands and help.matchit ("method")
will take you to a list of matching methods. The following inputs are currently
available: exact, nearest, subclass, full, optimal.
Author(s)

Daniel Ho <(daniel.ho@yale.edu)>; Kosuke Imai <(kimai @princeton.edu)>; Gary King <(king @harvard.edu)>;
Elizabeth Stuart<(stuart@stat.harvard.edu)>

See Also

The complete document is available online at http://gking.harvard.edu/matchit.

Lab 4 data for matching using Matchlt Is job training effective???

lalonde Data from National Supported Work Demonstration and PSID, as an-
alyzed by Dehejia and Wahba (1999).

Description

This is a subsample of the data from the treated group in the National Supported Work Demonstra-
tion (NSW) and the comparison sample from the Current Population Survey (CPS). This data was
previously analyzed extensively by Lalonde (1986) and Dehejia and Wahba (1999). The full dataset
is available at http://www.columbia.edu/~rd247/nswdata.html.

Usage

From Lab 4 data (lalonde)
> dim(lalonde)111[1] 614 10010
> names(lalonde) "treat" "age" "educ" "black" "hispan" "married" "nodegree" "re74" "re75" "re78"
> attach(lalonde) > table(treat) treat 111 0 1 (111429 185 [1[]
> lalonde[1:10,]  treat age educ black hispan married nodegree re74 re75 re78


http://gking.harvard.edu/matchit
http://gking.harvard.edu/matchit
http://www.columbia.edu/~rd247/nswdata.html
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match.data 3

Format

614 actually

A data frame with 313 observations (185 treated, 429 control). There are 10 variables measured for
each individual. "treat" is the treatment assignment (1=treated, O=control). "age" is age in years.
"educ" is education in number of years of schooling. "black" is an indicator for African-American
(1=African-American, O=not). "hispan" is an indicator for being of Hispanic origin (1=Hispanic,
O=not). "married" is an indicator for married (1=married, O=not married). "nodegree" is an indicator
for whether the individual has a high school degree (1=no degree, O=degree). "re74" is income in
1974, in U.S. dollars. "re75" is income in 1975, in U.S. dollars. "re78" is income in 1978, in U.S.
dollars.

Source

http://www.columbia.edu/~rd247/nswdata.html

References
Lalonde, R. (1986). Evaluating the econometric evaluations of training programs with experimental
data. American Economic Review 76: 604-620. \

Dehejia, R.H. and Wahba, S. (1999). Causal Effects in Nonexperimental Studies: Re-Evaluating the
Evaluation of Training Programs. Journal of the American Statistical Association 94: 1053-1062.

match.data Output Matched Data Sets

Description

match.data outputs matched data sets from matchit ().

Usage
match.data <- match.data (object, group="all", distance = "distance",
weights = "weights", subclass = "subclass")
Arguments
object The output object from matchit (). This is a required input.
group This argument specifies for which matched group the user wants to extract the
data. Available options are "all" (all matched units), "treat" (matched
units in the treatment group), and "control" (matched units in the control
group). The defaultis "all".
distance This argument specifies the variable name used to store the distance measure.
The defaultis "distance".
weights This argument specifies the variable name used to store the resulting weights
from matching. The default is "weights".
subclass This argument specifies the variable name used to store the subclass indicator.
The default is "subclass™".
Value

Returns a subset of the original data set sent to this-is—-escaped-code{, with

Ju
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Next: Exact Matching Up: A User's Guide by Previous: Notation Contents

The Lalonde Data

For all of our examples, we use data from the job training program analyzed in Lalonde (1986) and Dehejia & Wahba (1999). A subsample of the data
consisting of the National Supported Work Demonstration (NSW) treated group and the comparison sample from the Population Survey of Income

Dynamics (PSID) is included in MATCHIT, and the full dataset is available at http://www.columbia.edu/~rd247/nswdata.html.?

The variables in this dataset are in Table 1 below. One causal effect of interest is the impact that participation in the job training program, treat==1, had
on real earnings in 1978, re78, for those that participated in the program, i.e., the average treatment effect on the treated (ATT):

~:{~}‘_:-:,-\:‘,Jf\re78X.-treat E treat }-"_ re78Xitreat W5 treat T 1)

where re78 (treat=1) represents the potential outcome under the treatment of the job program, and re78 (treat=0) under control. To be clear, note that
the first term (inside the expectation) in Equation 1 is observed, whereas the second term is the unobserved counterfactual of real earnings if participants
had not participated. The nature of causal inference is that one of the two terms in the difference will always be unobserved. The same expression of the
ATT, in mathematical notation is:

TR W M e @

Table 1: Description of Lalonde data

Name Description
Outcome (")
re78 Real earnings (1978)

Treatment Indicator ("*')

Treated in job training program
treat from March 1975-June 1977 (1 if
treated, O if not treated)

Pre-treatment Covariates (')

age Age

educ Years of education

black Race black (1 if black, 0 otherwise)

Race hispanic (1 if Hispanic, 0

hi
span otherwise)

married Marita! status (1 if married, O
otherwise)

nodegree High schgol degree (1 if no degree,
0 otherwise)

re74 Real earnings (1974)

re75 Real earnings (1975)

Ne:{t|£| Previous Contents|ﬁ

Next: Exact Matching Up: A User's Guide by Previous: Notation Contents
Gary King 2005-03-09

2/25/2008 10:03 PM http://eking.harvard.edu/matchit/docs/T...
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Propensity Score Methods

Rosenbaum and Rubin. “The Central Role of the Propensity Score in
Observational Studies.” Biometrika 1983.

Observational study analogue of complete randomization

The propensity score is the probability of treatment versus control
as a function of observed covariates

— Model the reasons for treatment versus control at the level of the
decision makers

— For example, logistic regression model to predict cigarette versus
cigar/pipe smoking with age, education, income, etc. as predictors

Then subclassify (or match) on the propensity score as if it were the
only covariate, e.g., 5-10 subclasses

If correctly done, this creates balance within each subclass on ALL
covariates used to estimate the propensity score
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Matching in Statistics: Cochran’s School in the 1980s

» Propensity score
» Close matches on multivariate x not needed if you can
match closely on scalar ¢(x) (Rosenbaum and Rubin,
1983, 1984).
» Good to combine matching on x with matching on ¢(x),
privileging closeness on ¢(x) (Rosenbaum and Rubin,
1985).

» Computerized matching — optimal matching (Rosenbaum,
1989)
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Let T=)o T/c X vechvel Couav (atts L R 1
Propawsﬁy Scove CLX\.) = Pr(%z([ 2(\/\ 5CC few” é(gl/)
cond'l prvob unit uwf vectr X ovsevved cov. assigned fo T (#2)
Tw Ba/ancfwj stove b(g) sb corditionl disPib of

X glvn b(X) Samc of tyeeted aud com ol Mits
X A Z]bexy, Cocpsest [low dimen) bw/q,m.z'wy SLove (5
propensity scove. Pr(y2le)= Urif|c) (2]
TM (/‘501(7) ﬁpp/‘ax. ‘/07.,» V’colvcl’w:o i bes fuw
— " . - "
‘JU\OCZ[&75/6IVI a U/Vlﬁ?/c.s af'}aopu/a//'[(// /)V&pa//§,5
scove, Bp=E(£0)220) 2E (| 220), 15 otterstret; fca e
l)e\/\cwé vedveFem wr bres /oo( 1~ 56//32) = 70;,

(1) The propensity score i; a balancing score. _ ) . ﬂo's({dlolw
(ii) Any score that is 'finer’ than the propensity score is a balancing score; / - 13/4“41/("'/“'
moreover, x is the finest balancing score and the propensity score is the coarsest. 2

(iii) If treatment assignment is strongly ignorable given x, then it is strongly 747N j”sa'
ignorable given any balancing score

(iv) At any value of a balancing score, the difference between the treatment and control means

is an unbiased estimate of the average treatment effect at that value of the balancing score if
treatment assignment is strongly ignorable. Consequently, with strongly ignorable treatment
assignment, pair matching on a balancing score, subclassification on a balancing score and
covariance adjustment on a balancing score can all produce unbiased estimates of treatment effects.
(v) Using sample estimates of balancing scores can produce sample balance on X.

Pyplications i Rubia Breast Cancer, Love (RR'8Y) CAD,
Leve Asprring. Hansen 5AT 60&,(:)/11\43) Subrstanice

nasmbr‘m/ OQMISI/} o(bwwws A-bu,sc, (UNQ,
Robin AnnTnt Mehicine Lalode data
b v titteat
Table 3: Estimated 5-year Survival Rates for Node-Negative Patients in SEER L @ (‘{ S < ( 122 lo (/\
from Tables 5 and 7 in U.S. GAO Report (1994). Al M p ub
Propensity Score > table(propbin, treat)
treat
Subclass Treatment n Estimate n* Estimate* propb i 0 1 %
1 Breast Conservation 56  856% 54 88.8% (0,0.0401] 122 1 o %
Mastectomy 1,008 86.7% 966 90.5% (0.0401,0. 0872] 116 7
" ‘ 0.0872,0.27] 101 21
2 Breast Conservation 106~ 828% 102 86.0% ( '
Mastectomy 964 82.8% 917 87.7% (0.27,0.671] 53 71
Breast C ti 193 85.2% 184 89.4% (0.671,1] 3% 85
3 st Conservation 2% 4% | . ¢
Mr::tectorrr\‘y 866  88.8% 841 91.4% > tapply(re78, list( gropbin , treat),mean
4 Breast Conservation 289 88.7% 279 92.0% 0,0.0401 10467 0
Mastectomy 978 873% 742  915% 50,0401,0?0872] it LN Mbaﬂﬁ
5 Breast Conservation 462 89.0% 453 90.7% | (0.0872,0.27] 6043 9211 re 1 ‘&
Mastectomy 604 88.5% 589 90.7% (0.27, 0.671] 4977 5819
' ‘ ' 3
omitting patients whose deaths were unrelated to cancer. (0.671,11] 4666 6030
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LAB 4 excer pt
now do the | ogistic

data = | al onde

V V +V H#

t appl y(propen

0

0% 25%

1

0% 25%

\

glmlalonde = gln( treat
famly =
propen = fitted(gl ml al onde)
treat,

50%
. 00908 0.03888 0.07585 0.19514 0. 78917

50%
. 02495 0.52646 0.65368 0. 72660 0.85315

# the common use of the propensity scores (backed by theory,

regression that computes propensity scores (matching packages will do this for

~ age + educ + black + hispan + nmarried + nodegree + re74 + re75,

bi nom al )

# now we have the propensity scores, Lab script calls these propScore

quantile) # look at overlap via 5-nunmber summary (or side-by-side boxplots)
not real good overlap, as noted in class handout

75% 100%

75% 100%

cl ass handout 2/26))

> # is to stratify by quintiles
> # the sinple-minded way | do it is to use "cut”, Lab script is fancier programm ng
> ?cut # thisis a sinple function to create bins
>k =1:4
> quantil e(propen, k/b5)
20% 40% 60% 80%
0. 04015 0.08721 0.26978 0.67085
> propbin = cut(propen, c(0, .04015,.08721,.26978,.67085,1))

> tabl e(propbin,

treat) # either way you display it,

we do not
two quintiles, lower estinated probability for
for treatnent cases

have good overlap in the bottom
being in treatnent

treat
propbin 0 1
(0, 0. 0401] 122 1
(0.0401, 0.0872] 116 7
(0.0872, 0. 27] 101 21
(0.27,0.671] 53 71
(0.671, 1] 37 85
> tapply(re78, list(propbin, treat),mean) # here are the nean diffs in re78 the outcone

# direction of nmean diffs favors treatnent,

0
(0, 0. 0401] 10467
(0.0401, 0. 0872] 5797
(0.0872, 0. 27] 6043
(0.27,0.671] 4977
(0.671, 1] 4666

> t.test(re78[ propbin

etc

stratified by propensity quintile
job training
1
0
7919
9211
5819
6030

== bins[5]] ~ treat[propbin == bins[5]]) # t-test for quintile 5
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Optmatch creator

Home > People > U-M Researchers . Off-Campus Researchers . Fellows . Trainees . Staff . Honors . In the News
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New Publications

Rogowski, Freedman,
Schoeni.
“Neighborhoods and
Health of Elderly."”
PSC Research Report
06-600.

Geronimus, Hicken,
Keene, & Bound. "Age
Patterns of Allostatic
Load Scores among
Blacks and Whites."
AJPH, 2006.

Farley and Haaga,
eds. The American
People: Census 2000.

Ben Hansen

Research Affiliate, Population Studies Center; Funded Research:
Assistant Professor, Statistics Department; Human Subjects
aculty Associate, Survey Research Center Protection and

Ph.D., University of California, Berkeley E),\ﬁ((:;lafgu)re Risk Analysis
.A., University of California, Berkeley
Ben Hansen's research interests include optimal
atching, propensity-score adjustments for
Email Address observational studies, quasiexperimental methods, and program assessment. In
734-647-5456 recent work, he investigates informed consent and perception of risk in survey

participation; how to reduce disclosure risk; and how to increase security in the
dissemination of human subjects data.

Recent Publications

Journal Articles

Evans, S.E., Ben Hansen, P.B. Stark. "Minimax expected measure confidence sets for restricted
location parameters." Bernoulli, 11:571-590. 2005.

Hansen, Ben. "Full Matching in an Observational Study of Coaching for the SAT." Journal of the
American Statistical Association, 99:609-618. 2004.

Contact . People . Intranet . Population Studies Center . U of M . © 2006
xhtml . css
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Full matching with propensity scores. . .
IPTW
» relieves the analyst of the need to reject lots of control
subjects in order to get comparable groups;

» can be accomplished with the help of my add-on package
for R, optmatch;

» does not ward off problems due to lurking variables, a.k.a.
hidden bias, or unmeasured confounding; but —

» in the absence of hidden bias, should reconstruct a “lurking
experiment”; and

» offers greater promise of success at this than either
multiple regression or matching with a xed number k of
controls.

Oh, did | mention that there is a paper? Hansen, B.B. (2004), Full
matching in an observational study of coaching for the SAT, JASA 99,
609-618.
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matchit package:MatchIt R Documentation
redacted by drr i ,0- l

MatchIt: Matching Software for Causal Inference

Description: 'matchit' is the main command of the package _MatchIt , which enables
parametric models for causal inference to work better by selecting
well-matched subsets of the original treated and control groups.
MatchIt implements a wide range of sophisticated matching methods,
Matched data sets created by MatchIt can be entered easily in Zelig
(<URL: http://gking.harvard.edu/zelig>) for subsequent parametric
analyses. Full documentation is available online at <URL:
http://gking.harvard.edu/matchit>, and help for specific commands is
available through 'help.matchit'.

Usage: matchit(formula, data, method = "nearest", distance = "logit",
distance.options = list(), discard = "none", reestimate = FALSE, ...)
Arguments: formula: This argument takes the usual syntax of R formula, 'treat -
xl + x2', where 'treat' is a binary treatment indicator and 'x1' and
'x2' are the pre-treatment covariates. Both the treatment indicator

and pre-treatment covariates must be contained in the same data

frame, which is specified as 'data' (see below). All of the usual R

syntax for formula works. For example, 'xl:x2' represents the first

order interaction term between 'x1' and 'x2', and 'I(x1"2)'

represents the square term of "xl1'. '
data: This argument specifies the data frame containing the variables called in 'formula'
method: This argument specifies a matching method..Currently,

'"exact"' (exact matching), Ce thO‘V“ cal vawg

———> "full"' (full matching), Ben |ensen WfMaHh (?Mt/‘uﬁ ¢W{)y)
‘"genetic"' (genetic matching), S l<hen -f-;.y,u:] .
""nearest"' (nearest neighbor matching), hiS4enRricee ”s¢+u6EJ\ ,
—— > "optimal"' (optimal matching), and [36.;\ )—}an se ap‘tmc; }v‘?, Y?UJ%% C-Z . ”
'"subclass"' (subclassification) are available.
The default is ''"nearest"'. Note that within each of these matching methods,

_MatchIt offers a variety of options. See <URL:
http://gking.harvard.edu/matchit/docs/Inputs.html> for the complete list
References: Daniel Ho, Kosuke Imai, Gary King, and Elizabeth Stuart (2004)
"Matching as Nonparametric Preprocessing for Improving Parametric
Causal Inference,'' preprint available at <URL:
http://gking.harvard.edu/files/abs/matchp-abs.shtml>
See Also: Please use 'help.matchit' to access the matchit reference manual.
The complete document is available online at <URL: http://gking.harvard.edu/matchit>.

match.data package:MatchIt R Documentation
Output Mellt'ched Data Sets ﬁ(/# .’Vplc /rs—lLaf Mmate heg
Description:
'match.data’ outputs matched data sets from 'matchit()'.
Usage:
match.data <- match.data(object, group="all", distance = "distance",
weights = "weights", subclass = "subclass")
Arguments:

object: The output object from {\tt matchit()}. This is an reguired input,
group: This argument specifies for which matched group the user

wants to extract the data. Available options are '"all"' (all

matched units), '"treat"”' (matched units in the treatment

group), and '"control"' (matched units in the control group).

The default is '"all"'.
Value: Returns a subset of the original data set sent to 'matchit()', with just
the matched units. The data set also contains the additional variables -
‘distance’, 'weights', and 'subclass'. The variable 'distance' gives the

estimated distance measure, 533-Tﬁéights' gives the weights for each unit,
generated in the matching procedure. The variable 'subclass' gives the
subclass index for each unit (if applicable). See the <URL:
http://gking.harvard.edu/matchit/> for the complete documentation and type p
‘demo (match.data)' at the R prompt to see a demonstration of the code. : P

!
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R version 3.4.4 (2018-03-15) -- "Someone to Lean On"
Copyright (C) 2018 The R Foundation for Statistical Computing
Platform: x86_64-w64-mingw32/x64 (64-bit)

3.4.4 from Berkeley mirror 471718

packages('Matchlt™)
packages('Imed™)
install .packages(*'PSAgraphics™)

>
>
>
>

> library(optmatch)
Loading required package: sdéirvival

The optmatch package has an|academic license. Enter relaxinfo() for more information.
> library(Matchlt)

> Tibrary(Ime4)

Loading required package: Matrix
> library(PSAgraphics)

Loading required package: rpart

> data(lalonde)

> dim(lalonde)

[1] 614 10

> attach(lalonde)

> #HittHHAHEHAS# prelim compare groups on outcome measure

> tapply(re78, treat, median)
0 1

4975.505 4232.309

>

> tapply(re78, treat, fivenum)

$°0°

[11 0.0000 220.1813 4975.5050 11688.8200 25564.6700
$°1°
[11 0.0000 485.2298 4232.3090 9642.9990 60307.9300

>
> t.test(re78 ~ treat)

Welch Two Sample t-test

data: re78 by treat
t = 0.93773, df = 326.41, p-value = 0.3491
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:
-697.192 1967.244
sample estimates:
mean in group O mean in group 1
6984.170 6349.144
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Journal of Statistical Software

May 2011, Volume 42, Issue 8. http://www.jstatsoft.org/

Matchlt: Nonparametric Preprocessing for
Parametric Causal Inference

Daniel E. Ho Kosuke Imai
Stanford Law School Princeton University
Gary King Elizabeth A. Stuart
Harvard University Johns Hopkins University
Abstract

MatchIt implements the suggestions of Ho, Imai, King, and Stuart (2007) for improv-
ing parametric statistical models by preprocessing data with nonparametric matching
methods. Matchlt implements a wide range of sophisticated matching methods, making
it possible to greatly reduce the dependence of causal inferences on hard-to-justify, but
commonly made, statistical modeling assumptions. The software also easily fits into ex-
isting research practices since, after preprocessing data with Matchlt, researchers can use
whatever parametric model they would have used without MatchIt, but produce infer-
ences with substantially more robustness and less sensitivity to modeling assumptions.
Matchlt is an R program, and also works seamlessly with Zelig.

Keywords: matching methods, causal inference, balance, preprocessing, R.

1. Introduction

1.1. What Matchlt does

MatchIt implements the suggestions of Ho, Imai, King, and Stuart (2007) for improving
parametric statistical models and reducing model dependence by preprocessing data with
semi-parametric and non-parametric matching methods. After appropriately preprocessing
data with Matchlt, researchers can use whatever parametric model and software they would
have used without MatchIt, without other modification, and produce inferences that are
more robust and less sensitive to modeling assumptions. MatchlIt reduces the dependence of
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Chapter 3

User’s Guide to Matchlt

3.1 Preprocessing via Matching

3.1.1 Quick Overview

The main command matchit () implements the matching procedures. A general syntax is:

> m.out <- matchit(treat ~ x1 + x2, data = mydata)

where treat is the dichotomous treatment variable, and x1 and x2 are pre-treatment co-
variates, all of which are contained in the data frame mydata. The dependent variable (or
variables) may be included in mydata for convenience but is never used by MATCHIT or
included in the formula. This command creates the MATCHIT object called m.out. Name
the output object to see a quick summary of the results:

> m.out

3.1.2 Examples

To run any of the examples below, you first must load the library and and data:

> library(MatchIt)
> data(lalonde)

Our example data set is a subset of the job training program analyzed in |Lalonde (1986))
and Dehejia and Wahba| (1999). MATCHIT includes a subsample of the original data con-
sisting of the National Supported Work Demonstration (NSW) treated group and the com-
parison sample from the Population Survey of Income Dynamics (PSID).E] The variables in
this data set include participation in the job training program (treat, which is equal to 1
if participated in the program, and 0 otherwise), age (age), years of education (educ), race

IThis data set, lalonde, was created using NSWRE74_ TREATED.TXT and CPS3_.CONTROLS.TXT
from http://www.columbia.edu/~rd247 /nswdata.
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(black which is equal to 1 if black, and 0 otherwise; hispan which is equal to 1 if hispanic,
and 0 otherwise), marital status (married, which is equal to 1 if married, 0 otherwise), high
school degree (nodegree, which is equal to 1 if no degree, 0 otherwise), 1974 real earnings
(re74), 1975 real earnings (re75), and the main outcome variable, 1978 real earnings (re78).

3.1.2.1 Exact Matching

The simplest version of matching is exact. This technique matches each treated unit to all
possible control units with exactly the same values on all the covariates, forming subclasses
such that within each subclass all units (treatment and control) have the same covariate val-
ues. Exact matching is implemented in MATCHIT using method = "exact". Exact matching
will be done on all covariates included on the right-hand side of the formula specified in the
MATCHIT call. There are no additional options for exact matching. (Exact restrictions on a
subset of covariates can also be specified in nearest neighbor matching; see Section )
The following example can be run by typing demo(exact) at the R prompt,

> m.out <- matchit(treat educ + black + hispan, data = lalonde,
method = "exact")

3.1.2.2 Subclassification

When there are many covariates (or some covariates can take a large number of values),
finding sufficient exact matches will often be impossible. The goal of subclassification is to
form subclasses, such that in each the distribution (rather than the exact values) of covariates
for the treated and control groups are as similar as possible. Various subclassification schemes
exist, including the one based on a scalar distance measure such as the propensity score
estimated using the distance option (see Section. Subclassification is implemented
in MATCHIT using method = "subclass".
The following example script can be run by typing demo (subclass) at the R prompt,

> m.out <- matchit(treat ~ re74 + re75 + educ + black + hispan + age,
data = lalonde, method = "subclass")

The above syntax forms 6 subclasses, which is the default number of subclasses, based on a
distance measure (the propensity score) estimated using logistic regression. By default, each
subclass will have approximately the same number of treated units.

Subclassification may also be used in conjunction with nearest neighbor matching de-
scribed below, by leaving the default of method = "nearest" but adding the option subclass.
When you choose this option, MATCHIT selects matches using nearest neighbor matching,
but after the nearest neighbor matches are chosen it places them into subclasses, and adds
a variable to the output object indicating subclass membership.

10
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3.1.2.3 Nearest Neighbor Matching

Nearest neighbor matching selects the r (default=1) best control matches for each individual
in the treatment group (excluding those discarded using the discard option). Matching is
done using a distance measure specified by the distance option (default=logit). Matches
are chosen for each treated unit one at a time, with the order specified by the m.order
command (default=largest to smallest). At each matching step we choose the control unit
that is not yet matched but is closest to the treated unit on the distance measure.

Nearest neighbor matching is implemented in MATCHIT using the method = "nearest"
option. The following example script can be run by typing demo (nearest):

> m.out <- matchit(treat re74 + re75 + educ + black + hispan + age,
data = lalonde, method = "nearest")

3.1.2.4 Optimal Matching

The default nearest neighbor matching method in MATCHIT is “greedy” matching, where
the closest control match for each treated unit is chosen one at a time, without trying to
minimize a global distance measure. In contrast, “optimal” matching finds the matched
samples with the smallest average absolute distance across all the matched pairs. Gu and
Rosenbaum| (1993)) find that greedy and optimal matching approaches generally choose the
same sets of controls for the overall matched samples, but optimal matching does a better job
of minimizing the distance within each pair. In addition, optimal matching can be helpful
when there are not many appropriate control matches for the treated units.

Optimal matching is performed with MATCHIT by setting method = "optimal", which
automatically loads an add-on package called optmatch (Hansen 2004). The following ex-
ample can also be run by typing demo (optimal) at the R prompt. We conduct 2:1 optimal
ratio matching based on the propensity score from the logistic regression.

> m.out <- matchit(treat re74 + re75 + age + educ, data = lalonde,
method = "optimal", ratio = 2)

3.1.2.5 Full Matching

Full matching is a particular type of subclassification that forms the subclasses in an optimal
way (Rosenbaum|[2002; Hansen|2004). A fully matched sample is composed of matched sets,
where each matched set contains one treated unit and one or more controls (or one control
unit and one or more treated units). As with subclassification, the only units not placed
into a subclass will be those discarded (if a discard option is specified) because they are
outside the range of common support. Full matching is optimal in terms of minimizing a
weighted average of the estimated distance measure between each treated subject and each
control subject within each subclass.

Full matching can be performed with MATCHIT by setting method = "full". Just as
with optimal matching, we use the optmatch package (Hansen|2004), which automatically

11
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3.1.2.3 Nearest Neighbor Matching

Nearest neighbor matching selects the r (default=1) best control matches for each individual
in the treatment group (excluding those discarded using the discard option). Matching is
done using a distance measure specified by the distance option (default=logit). Matches
are chosen for each treated unit one at a time, with the order specified by the m.order
command (default=largest to smallest). At each matching step we choose the control unit
that is not yet matched but is closest to the treated unit on the distance measure.

Nearest neighbor matching is implemented in MATCHIT using the method = "nearest"
option. The following example script can be run by typing demo (nearest):

> m.out <- matchit(treat re74 + re75 + educ + black + hispan + age,
data = lalonde, method = "nearest")

3.1.2.4 Optimal Matching

The default nearest neighbor matching method in MATCHIT is “greedy” matching, where
the closest control match for each treated unit is chosen one at a time, without trying to
minimize a global distance measure. In contrast, “optimal” matching finds the matched
samples with the smallest average absolute distance across all the matched pairs. Gu and
Rosenbaum| (1993)) find that greedy and optimal matching approaches generally choose the
same sets of controls for the overall matched samples, but optimal matching does a better job
of minimizing the distance within each pair. In addition, optimal matching can be helpful
when there are not many appropriate control matches for the treated units.

Optimal matching is performed with MATCHIT by setting method = "optimal", which
automatically loads an add-on package called optmatch (Hansen 2004). The following ex-
ample can also be run by typing demo (optimal) at the R prompt. We conduct 2:1 optimal
ratio matching based on the propensity score from the logistic regression.

> m.out <- matchit(treat re74 + re75 + age + educ, data = lalonde,
method = "optimal", ratio = 2)

3.1.2.5 Full Matching

Full matching is a particular type of subclassification that forms the subclasses in an optimal
way (Rosenbaum|[2002; Hansen|2004). A fully matched sample is composed of matched sets,
where each matched set contains one treated unit and one or more controls (or one control
unit and one or more treated units). As with subclassification, the only units not placed
into a subclass will be those discarded (if a discard option is specified) because they are
outside the range of common support. Full matching is optimal in terms of minimizing a
weighted average of the estimated distance measure between each treated subject and each
control subject within each subclass.

Full matching can be performed with MATCHIT by setting method = "full". Just as
with optimal matching, we use the optmatch package (Hansen|2004), which automatically
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loads when needed. The following example with full matching (using the default propensity
score based on logistic regression) can also be run by typing demo (full) at the R prompt:

> m.out <- matchit(treat ~ age + educ + black + hispan + married +
nodegree + re74 + re75, data = lalonde, method = "full")

3.1.2.6 Genetic Matching

Genetic matching automates the process of finding a good matching solution (Diamond and
Sekhon| 2005). The idea is to use a genetic search algorithm to find a set of weights for
each covariate such that the a version of optimal balance is achieved after matching. As
currently implemented, matching is done with replacement using the matching method of
Abadie and Imbens| (2007) and balance is determined by two univariate tests, paired t-tests
for dichotomous variables and a Kolmogorov-Smirnov test for multinomial and continuous
variables, but these options can be changed.

Genetic matching can be performed with MATCHIT by setting method = "genetic",
which automatically loads the Matching (?) package. The following example of genetic
matching (using the estimated propensity score based on logistic regression as one of the
covariates) can also be run by typing demo (genetic):

> m.out <- matchit(treat ~ age + educ + black + hispan + married + nodegree +
re74 + re75, data = lalonde, method = "genetic")

3.1.2.7 Coarsened Exact Matching

Coarsened Exact Matching (CEM) is a Monotonoic Imbalance Bounding (MIB) matching
method — which means that the balance between the treated and control groups is chosen by
the user ex ante rather than discovered through the usual laborious process of checking after
the fact and repeatedly reestimating, and so that adjusting the imbalance on one variable has
no effect on the maximum imbalance of any other. CEM also strictly bounds through ex ante
user choice both the degree of model dependence and the average treatment effect estimation
error, eliminates the need for a separate procedure to restrict data to common empirical
support, meets the congruence principle, is robust to measurement error, works well with
multiple imputation methods for missing data, and is extremely fast computationally even
with very large data sets. CEM also works well for multicategory treatments, determining
blocks in experimental designs, and evaluating extreme counterfactuals (lacus et al.|[2008Db)).

CEM can be performed with MATCHIT by setting method = "cem", which automatically
loads the cem package. The following examples of CEM (with automatic coarsening) can
also be run by typing demo(cem):

m.out <- matchit(treat ~ age + educ + black + hispan + married + nodegree
+ re74 + re75, data = lalonde, method = "cem"

12
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3.2 Checking Balance

3.2.1 Quick Overview

To check balance, use summary (m.out) for numerical summaries and plot (m.out) for graph-
ical summaries.

3.2.2 Details
3.2.2.1 The summary() Command

The summary() command gives measures of the balance between the treated and control
groups in the full (original) data set, and then in the matched data set. If the matching
worked well, the measures of balance should be smaller in the matched data set (smaller
values of the measures indicate better balance).

The summary () output for subclassification is the same as that for other types of match-
ing, except that the balance statistics are shown separately for each subclass, and the overall
balance in the matched samples is calculated by aggregating across the subclasses, where
each subclass is weighted by the number of units in the subclass. For exact matching, the
covariate values within each subclass are guaranteed to be the same, and so the measures of
balance are not output for exact matching; only the sample sizes in each subclass are shown.

e Balance statistics: The statistics the summary () command provides include means,
the original control group standard deviation (where applicable), mean differences,
standardized mean differences, and (median, mean and maximum) Quantile-Quantile
(Q-Q) plot differences. In addition, the summary() command will report (a) the
matched call, (b) how many units were matched, unmatched, or discarded due to
the discard option (described below), and (c) the percent improvement in balance for
each of the balance measures, defined as 100((Ja|] — |b])/|a|), where a is the balance
before and b is the balance after matching. For each set of units (original and matched
data sets, with weights used as appropriate in the matched data sets), the following
statistics are provided:

1. “Means Treated” and “Means Control” show the weighted means in the treated
and control groups

2. “SD Control” is the standard deviation calculated in the control group (where
applicable)

3. “Mean Diff” is the difference in means between the groups

4. The final three columns of the summary output give summary statistics of a
Q-Q plot (see below for more information on these plots). Those columns give
the median, mean, and maximum distance between the two empirical quantile
functions (treated and control groups). Values greater than 0 indicate deviations
between the groups in some part of the empirical distributions. The plots of the

13
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http://www.r-project.org
https://github.com/markmfredrickson/optmatch
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> mnearl= matchit (pr ~
> summary (mnearl)

Call:
matchit (formula

pr

Summary of balance for

Means Treated
distance 0.291
date 3.870
cap 483.000

Summary of balance for
Means Treated

distance 0.291
date 3.870
cap 483.000

Percent Balance Improve

Mean Diff.
distance 95.81
date -245.04
cap 86.92

Sample sizes:

Control Treat
All 19
Matched 7
Unmatched 12
Discarded 0

> mnearl.data
> mnearl.data

date cap pr distance weights A
2 2.33 665 0  0.3409 1 }0\41,
3 2.33 665 1 0.3409 1 W\U U)‘t'
4 3.00 665 0 0.3513 1 . 2 a/\
5 3.00 665 1 0.3513 1
9 3.42 422 1  0.2551 1 SC"'M o,p‘b\‘m
13 3.42 130 0 0.1601 1 e, 'y l")(/
14 3.92 650 0  0.3590 1 {/V\l aM
17 4.50 445 0 0.2787 1 Lk
18 3.42 130 1 0.1601 1 ul\
20 3.92 650 1  0.3590 1 gv’”
21 3.75 513 0 0.2960 1
22 5.92 428 1 0.2917 1
23 4.67 386 0 0.2578 1
24 5.08 421 1 0.2770 1
> —

Wee < &

method

p- A

"nearest")

SkAf 209

CoMpawve wim nearest pelghbor 111

date + cap, data = bennuke,
date + cap, data = bennuke,
all data:
Means Control SD
0.261 0.083
3.808 0.881
403.263 214.182
matched data:
Means Control SD Control
0.292 0.070
3.656 0.823
493.429 195.677

ment:

100 97.29

100 -101.87

100 79.60
ed

7

7

0

0

match.data (mnearl)

eQQ Med eQQ Mean eQQ Max

94.91
=115.52
69.. 97

method

"nearest")

0.029
0.062
79.737

-0.001
0.214
-10.429

Control Mean Diff eQQ Med

0.04
0.16
65.00

Mean Diff eQQ Med

0
0
0

eQQ Mean eQQ
0.045 0is
0.153 0
100.143 283.

eQQ Mean eQQ
0.001 0.
0.309 L.
20.429 85,

Max
085

.580

000

Max
004
250
000

Rubin An Tnb Med Cochvans ex, matdning on PRgce

Table 1. Comparison of Mortality Rates for Three Smoking Groups in Three Databases*

United States Study

Vanable Canadian Study ——  United Kingdoen Study
Nonsmokers  Cigarette Cigar and Nonsmokers  Cigarette Cigar anc Nonsmokers  Cigarette Cigar mj\d
Smokers  Pipe Smokers Smokers  Pipe Smakers Smokers  Pipe Smokers
Mortality rates per 1000 - )

Dt‘-vsofilyears, % 202 205 355 13 141 20.7 135 135 174
Average age, y 549 505 659 491 A9 8 55.7 57.0 532 59.7
Adjusted mortality rates

usng subtlasses, % ) -

2 subclasses 202 264 240 1 1 136 135 1?’; ::3

3 subclasses 202 283 212 1" 128 120 135 -

9-11 subclasses 202 295 198 1" 148 1Mo 135 12
* adapted from Tables 1-3 i Coctran (21

- - -
svclessdication p 157 Robin -Fpr bigs redueton
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ke,Imethod

> mfull= matchit(pr ~ date + cap, data = bennu = "full")
> summary(mfull)
Call: matchit(formula = pr ~ date + cap, data = bennuke, method = "full")
Summary of balance for all data:
Means Treated Means Control Mean Diff eQQ Med eQQ Mean eQQ Max
distance 0.2907 0.2613 0.0294 0.0398 0.0454 0.0852
date 3.8700 3.8079 0.0621 0.1600 0.1529 0.5800
cap 483.0000 403.2632 79.7368 65.0000 100.1429 283.0000
Summary of balance for matched data:
Means Treated Means Control Mean Diff eQQ Med eQQ Mean eQQ Max
distance 0.2907 0.2939 -0.0032 0.0043 0.0113 0.0738
date 3.8700 3.6312 0.2388 0.1600 0.3107 1.4200
cap 483.0000 496.5905 -13.5905 23.0000 35.0232 261.0000
Percent Balance Improvement:
Mean Diff. eQQ Med eQQ Mean eQQ Max
distance 89.2703 89.1190 75.2162 13.3177
date -284.4471 0.0000 -103.2460 -144.8276
cap 82.9558 64.6154 65.0268 7.7739
Sample sizes:
Control Treated
All 19 7
Matched 19 7
Unmatched 0 0
Discarded 0 0
> mfull.data = match.data(mfull) > mfull.data
date cap pr distance weights subclass
1 3.58 287 0 0.2089340 0.4523810 3
2 2.33 665 0 0.3408701 2.7142857 1
3 2.33 665 1 0.3408701 1.0000000 1
4 3.00 665 0 0.3513216 2.7142857 2
5 3.00 665 1 0.3513216 1.0000000 2
6 2.92 114 0 0.1513795 0.5428571 4
7 3.17 422 0 0.2518308 0.4523810 3
8 3.42 57 0 0.1414043 0.5428571 4
9 3.42 422 1 0.2550915 1.0000000 3
10 3.33 392 0 0.2426859 0.4523810 3
11 3.58 160 0 0.1699374 0.5428571 4
12 3.75 390 0 0.2472990 0.4523810 3
13 3.42 130 0 0.1601291 0.5428571 4
14 3.92 650 0 0.3589552 0.9047619 5
15 3.92 450 0 0.2726900 1.3571429 7
16 3.42 378 0 0.2386883 0.4523810 3
17 4.50 445 0 0.2786707 1.3571429 7
18 3.42 130 1 0.1601291 1.0000000 4
19 4.17 690 0 0.3816748 0.9047619 5
20 3.92 650 1 0.3589552 1.0000000 5
21 3.75 513 0 0.2960073 2.7142857 6
22 5.92 428 1 0.2916721 1.0000000 6
23 4.67 386 0 0.2577539 0.4523810 3
24 5.08 421 1 0.2770347 1.0000000 7
25 5.42 138 0 0.1819249 0.5428571 4
26 6.08 730 0 0.4327688 0.9047619 5
> attach(mfull.data)
> table(subclass)
subclass
1234567
2276 423
> tapply(distance, list(pr,subclass), mean)
1 2 3 4 5 6 7
0 0.3408701 0.3513216 0.2411986 0.1609550 0.3911329 0.2960073 0.2756804

[y

0.3408701 0.

tapply(cap,
1 2

665 665 375.

665 665 422.

\%

= o

3513216 0.2550915 0.1601291 0.3589552 0.2916721 0.2770347

list(pr,subclass), mean)

3 4 5 6 7
8333 119.8 690 513 447.5
0000 130.0 650 428 421.0

> tapply(date, list(pr,subclass), mean)
12 3 4 5 6 7

0 2.33 3 3.653333 3.752 4.723333 3.75 4.21

1 2.33 3 3.420000 3.420 3.920000 5.92 5.08
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Example # 2. Gender equity study for research
scientists’ For HW

Women and men scientists are to be matched on grant funding.

Women Men
Subject log,o(Grant) Subject log,y(Grant)

A 5.7 \ 55

B 4.0 W 5.3

C 3.4 X 4.9

D 3.1 Y 4.9

z 3.9

"Discussed in Hansen and Klopfer (2006), Hansen (2004)
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p2 stat209 )] §
> geneq =
> geneq
loglOGrant gender
5.7

W ~OoU B WN
W s g0 W W
WYV WU RO
ERERRs==E ==

# had some
> #outcome

read.table(file="D:\\drr08\\stat209\\week8\\genderdata", header =

Ben Hansen, Gender Equity Example

T)

problems matchit; outcome has to be 1=W, 0=M or do a as.numeric
has to be numeric categorical, not W/M

> mfullgen= matchit(gender ~ Grant, data = geneq, method = "full")

> summary(mfullgen)
Call:
matchit(formula =

Summary of balance for all data:

Means Treated Means Control
0.576 0.339
4.050 4.900

distance
Grant

Summary of balance for matched data:
Means Treated Means Control
0.576 0.532
4.050 4.213

distance
Grant

Percent Balance Improvement:

Mean Diff. eQQ Med eQQ Mean
distance 81.18 53.10 51.96
Grant 80.88 41.18 40.37

Sample sizes:
Control Treated

All 5 4
Matched 5 4
Unmatched 0 0
Discarded 0 0

> mfullgen.dat =
> mfullgen.dat
Grant gender

match.data(mfullgen)

1 5.7 1 0.1561 1.0000
2 4.0 1 0.5903 1.0000
3 3.4 1 0.7484 1.0000
4 3.1 1 0.8103 1.0000
5 545 0 0.1907 0.3125
6 53 0 0.2307 0.3125
7 4.9 0 0.3271 0.3125
8 4.9 0 0.3271 0.3125
9 3.9 0 0.6192 3.7500
> #corresponds to slide, subclass

———

gender ~ Grant, data =

Mean Diff eQQ

0.237
-0.850

Mean Diff eQQ
0.
0.

0.045
-0.163

eQQ Max
-9.927
-20.000

distance weights subclass

L S Sl

0.
0.

geneq, method = "full")

Med eQQ Mean eQQ Max
275 0.252 0.421
850 0.850 1.500
Med eQQ Mean eQQ Max
129 0.121 0.463
500 0.507 1.800

Yee L31w65¢~4

ta ik

AnOpmnmFuHMammngmrmeGemMrEmMy
Example

Men
log4o(Grant)
5.5
53
49
49
3.9

Women
Subject logyo(Grant)

A 57
B 4.0
C 34
D 3.1

As compared to the optimal 1:(1 or 2) match, full matching:
» decreases the largest discrepancy from 1.5t00.8; and
» decreases the sum of discrepancies from 3.8t03.6.

Subject

N<XZS<

In global terms, it gives a tighter match. In local terms, it gives a

much tighter match.



2 lalonde

help.matchit HTML Help for Matchit Commands and Models

Description

The help.matchit command launches html help for Matchit commands and supported methods.
The full manual is available online at http://gking.harvard.edu/matchit.

Usage

help.matchit (object)

Arguments
object a character string representing a Matchit command or model. help.matchit ("command")
will take you to an index of Matchit commands and help.matchit ("method")
will take you to a list of matching methods. The following inputs are currently
available: exact, nearest, subclass, full, optimal.
Author(s)

Daniel Ho <(daniel.ho@yale.edu)>; Kosuke Imai <(kimai @princeton.edu)>; Gary King <(king @harvard.edu)>;
Elizabeth Stuart<(stuart@stat.harvard.edu)>

See Also

The complete document is available online at http://gking.harvard.edu/matchit.

Lab 4 data for matching using Matchlt Is job training effective???

lalonde Data from National Supported Work Demonstration and PSID, as an-
alyzed by Dehejia and Wahba (1999).

Description

This is a subsample of the data from the treated group in the National Supported Work Demonstra-
tion (NSW) and the comparison sample from the Current Population Survey (CPS). This data was
previously analyzed extensively by Lalonde (1986) and Dehejia and Wahba (1999). The full dataset
is available at http://www.columbia.edu/~rd247/nswdata.html.

Usage

From Lab 4 data (lalonde)
> dim(lalonde)111[1] 614 10010
> names(lalonde) "treat" "age" "educ" "black" "hispan" "married" "nodegree" "re74" "re75" "re78"
> attach(lalonde) > table(treat) treat 111 0 1 (111429 185 [1[]
> lalonde[1:10,]  treat age educ black hispan married nodegree re74 re75 re78


http://gking.harvard.edu/matchit
http://gking.harvard.edu/matchit
http://www.columbia.edu/~rd247/nswdata.html
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match.data 3

Format

614 actually

A data frame with 313 observations (185 treated, 429 control). There are 10 variables measured for
each individual. "treat" is the treatment assignment (1=treated, O=control). "age" is age in years.
"educ" is education in number of years of schooling. "black" is an indicator for African-American
(1=African-American, O=not). "hispan" is an indicator for being of Hispanic origin (1=Hispanic,
O=not). "married" is an indicator for married (1=married, O=not married). "nodegree" is an indicator
for whether the individual has a high school degree (1=no degree, O=degree). "re74" is income in
1974, in U.S. dollars. "re75" is income in 1975, in U.S. dollars. "re78" is income in 1978, in U.S.
dollars.

Source

http://www.columbia.edu/~rd247/nswdata.html

References
Lalonde, R. (1986). Evaluating the econometric evaluations of training programs with experimental
data. American Economic Review 76: 604-620. \

Dehejia, R.H. and Wahba, S. (1999). Causal Effects in Nonexperimental Studies: Re-Evaluating the
Evaluation of Training Programs. Journal of the American Statistical Association 94: 1053-1062.

match.data Output Matched Data Sets

Description

match.data outputs matched data sets from matchit ().

Usage
match.data <- match.data (object, group="all", distance = "distance",
weights = "weights", subclass = "subclass")
Arguments
object The output object from matchit (). This is a required input.
group This argument specifies for which matched group the user wants to extract the
data. Available options are "all" (all matched units), "treat" (matched
units in the treatment group), and "control" (matched units in the control
group). The defaultis "all".
distance This argument specifies the variable name used to store the distance measure.
The defaultis "distance".
weights This argument specifies the variable name used to store the resulting weights
from matching. The default is "weights".
subclass This argument specifies the variable name used to store the subclass indicator.
The default is "subclass™".
Value

Returns a subset of the original data set sent to this-is—-escaped-code{, with

Ju
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The Lalonde Data

For all of our examples, we use data from the job training program analyzed in Lalonde (1986) and Dehejia & Wahba (1999). A subsample of the data
consisting of the National Supported Work Demonstration (NSW) treated group and the comparison sample from the Population Survey of Income

Dynamics (PSID) is included in MATCHIT, and the full dataset is available at http://www.columbia.edu/~rd247/nswdata.html.?

The variables in this dataset are in Table 1 below. One causal effect of interest is the impact that participation in the job training program, treat==1, had
on real earnings in 1978, re78, for those that participated in the program, i.e., the average treatment effect on the treated (ATT):

~:{~}‘_:-:,-\:‘,Jf\re78X.-treat E treat }-"_ re78Xitreat W5 treat T 1)

where re78 (treat=1) represents the potential outcome under the treatment of the job program, and re78 (treat=0) under control. To be clear, note that
the first term (inside the expectation) in Equation 1 is observed, whereas the second term is the unobserved counterfactual of real earnings if participants
had not participated. The nature of causal inference is that one of the two terms in the difference will always be unobserved. The same expression of the
ATT, in mathematical notation is:

TR W M e @

Table 1: Description of Lalonde data

Name Description
Outcome (")
re78 Real earnings (1978)

Treatment Indicator ("*')

Treated in job training program
treat from March 1975-June 1977 (1 if
treated, O if not treated)

Pre-treatment Covariates (')

age Age

educ Years of education

black Race black (1 if black, 0 otherwise)

Race hispanic (1 if Hispanic, 0

hi
span otherwise)

married Marita! status (1 if married, O
otherwise)

nodegree High schgol degree (1 if no degree,
0 otherwise)

re74 Real earnings (1974)

re75 Real earnings (1975)

Ne:{t|£| Previous Contents|ﬁ

Next: Exact Matching Up: A User's Guide by Previous: Notation Contents
Gary King 2005-03-09
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LAB 4 excer pt
now do the | ogistic

data = | al onde

V V +V H#

t appl y(propen

0

0% 25%

1

0% 25%

\

glmlalonde = gln( treat
famly =
propen = fitted(gl ml al onde)
treat,

50%
. 00908 0.03888 0.07585 0.19514 0. 78917

50%
. 02495 0.52646 0.65368 0. 72660 0.85315

# the common use of the propensity scores (backed by theory,

regression that computes propensity scores (matching packages will do this for

~ age + educ + black + hispan + nmarried + nodegree + re74 + re75,

bi nom al )

# now we have the propensity scores, Lab script calls these propScore

quantile) # look at overlap via 5-nunmber summary (or side-by-side boxplots)
not real good overlap, as noted in class handout

75% 100%

75% 100%

cl ass handout 2/26))

> # is to stratify by quintiles
> # the sinple-minded way | do it is to use "cut”, Lab script is fancier programm ng
> ?cut # thisis a sinple function to create bins
>k =1:4
> quantil e(propen, k/b5)
20% 40% 60% 80%
0. 04015 0.08721 0.26978 0.67085
> propbin = cut(propen, c(0, .04015,.08721,.26978,.67085,1))

> tabl e(propbin,

treat) # either way you display it,

we do not
two quintiles, lower estinated probability for
for treatnent cases

have good overlap in the bottom
being in treatnent

treat
propbin 0 1
(0, 0. 0401] 122 1
(0.0401, 0.0872] 116 7
(0.0872, 0. 27] 101 21
(0.27,0.671] 53 71
(0.671, 1] 37 85
> tapply(re78, list(propbin, treat),mean) # here are the nean diffs in re78 the outcone

# direction of nmean diffs favors treatnent,

0
(0, 0. 0401] 10467
(0.0401, 0. 0872] 5797
(0.0872, 0. 27] 6043
(0.27,0.671] 4977
(0.671, 1] 4666

> t.test(re78[ propbin

etc

stratified by propensity quintile
job training
1
0
7919
9211
5819
6030

== bins[5]] ~ treat[propbin == bins[5]]) # t-test for quintile 5
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from PSAgraphics, in Lab4
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#let's try Ben's full matching with all the vars; sould also compare with propensity in part
> m2fullvars.out = matchit(treat ~ re74 + re75 + educ + black + hispan + age + married + nod

+ data = lalonde, method = "full")

> m2fullvars.out

Call:

matchit(formula = treat ~ re74 + re75 + educ + black + hispan +
age + married + nodegree, data = lalonde, method = "full")

Sample sizes:
Control Treated

All 429 185
Matched 429 185
Unmatched 0 0
Discarded 0 0

> summary(m2fullvars.out)

Call:
matchit(formula = treat ~ re74 + re75 + educ + black + hispan +
age + married + nodegree, data = lalonde, method = "full")

Summary of balance for all data:
Means Treated Means Control Mean Diff eQQ Med eQQ Mean eQQ Max

distance 0.577 0.182 0.395 0.518 0.396 0.597
re74 2095.574 5619.237 -3523.663 2425.572 3620.924 9216.500
re75 1532.055 2466.484 -934.429 981.097 1060.658 6795.010
educ 10.346 10.235 0.111 1.000 0.703 4.000
black 0.843 0.203 0.640 1.000 0.643 1.000
hispan 0.059 0.142 -0.083 0.000 0.081 1.000
age 25.816 28.030 -2.214 1.000 3.265 10.000
married 0.189 0.513 -0.324 0.000 0.324 1.000
nodegree 0.708 0.597 0.111 0.000 0.114 1.000

Summary of balance for matched data:
Means Treated Means Control Mean Diff eQQ Med eQQ Mean eQQ Max

distance 0.577 0.576 0.001 0.003 0.006 0.087
re74 2095.574 2434.869 -339.295 311.523 659.367 13121.750
re75 1532.055 1577.728 -45.672 205.887 468.549 12746.050
educ 10.346 10.442 -0.096 0.000 0.392 4.000
black 0.843 0.835 0.009 0.000 0.000 1.000
hispan 0.059 0.061 -0.001 0.000 0.002 1.000
age 25.816 24.707 1.110 3.000 3.141 9.000
married 0.189 0.131 0.058 0.000 0.044 1.000
nodegree 0.708 0.695 0.013 0.000 0.011 1.000

Percent Balance Improvement:
Mean Diff. eQQ Med eQQ Mean eQQ Max

distance 99.64 99.50 98.493 85.49
re74 90.37 87.16 81.790 -42.37
re75 95.11 79.02 55.825 -87.58
educ 13.08 100.00 44.158 0.00
black 98.66 100.00 99.938 0.00
hispan 98.26 0.00 98.027 0.00
age 49.88 -200.00 3.788 10.00
married 82.06 0.00 86.557 0.00
nodegree 88.53 0.00 90.133 0.00

Sample sizes:

Control Treated
All 429 185
Matched 429 185
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Unmatched 0 0
Discarded 0 0

#### do the outcome re78 analysis
> m2fullvars.out = matchit(treat ~ re74 + re75 + educ + black + hispan + age + married + nod

> m2full.dat = match.data(m2fullvars.out)
> head(m2full.dat)

treat age educ black hispan married nodegree re74 re75 re78 distance weights sub
NSW1l 1 37 11 1 0 1 1 0 0 9930.0460 0.6387699 1
NSW2 1 22 9 0 1 0 1 0 0 3595.8940 0.2246342 1
NSW3 1 30 12 1 0 0 0 0 0 24909.4500 0.6782439 1
NSwW4 1 27 11 1 0 0 1 0 0 7506.1460 0.7763241 1
NSW5 1 33 8 1 0 0 1 0 0 289.7899 0.7016387 1
NSW6 1 22 9 1 0 0 1 0 0 4056.4940 0.6990699 1

> library(lme4)
> mfull.lmer = lmer(re78 ~ treat + (1 + treat|subclass), data = m2full.dat) # like for the g
> summary(mfull.lmer)
Linear mixed model fit by REML [ 'lmerMod']
Formula: re78 ~ treat + (1 + treat | subclass)
Data: m2full.dat

REML criterion at convergence: 12633.5
Scaled residuals:

Min 10 Median 30 Max
-1.5267 -0.7497 -0.2851 0.5165 7.4616

Random effects:

Groups Name Variance Std.Dev. Corr
subclass (Intercept) 4027897 2007

treat 3810081 1952 -0.89
Residual 51103906 7149

Number of obs: 614, groups: subclass, 104

Fixed effects:
Estimate Std. Error t value
(Intercept) 5862.9 507.8 11.546
treat 504.5 736.2 0.685 ## about the same as seen in base section 384 (95

Correlation of Fixed Effects:
(Intr)
treat -0.679
> confint(mfull.lmer) # this took a while
Computing profile confidence intervals
2.5 % 97.5 %

.sig01 1216.8647 3011.968
.sig02 -1.0000 1.000
.sig03 0.0000 Inf
.sigma 6740.8624 7581.414
(Intercept) 4807.1941 6873.722
treat -985.7685 1977.973

There were 50 or more warnings (use warnings() to see the first 50)
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