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1 Intro duction

Clarify is a program that usesMonte Carlo simulation to cornvert the raw output of statistical proce-
duresinto resultsthat are of direct interest to researters, without changing statistical assumptions
or requiring new statistical models. The program, designedfor usewith the Stata statistics package,
0 ers a corveniert way to implement the techniques described in:

Gary King, Michael Tomz, and Jason Witten berg (2000). \Making the Most of Sta-
tistical Analyses: Improving Interpretation and Preseriation.” American Journal of
Political Sciene 44, no. 2 (April 2000): 347 61.

We recommendthat you read this paper before using the software.

Clarify 2.0 simulates quartities of interest for the most commonly used statistical models, includ-

ing linear regression,binary logit, binary probit, ordered logit, ordered probit, multinomial logit,

Poissonregression,negative binomial regression,weibull regression,seeminglyunrelated regression
equations, and the additiv e logistic normal model for compositional data.

2 Software requiremen ts

Clarify worksin conjunction with Stata Statistical Software, producedby Stata Corporation. Clarify
will run onany platform (Windows, Unix, or Macintosh) where Stata is already installed. You must
have Stata 6.0 or later to run Clarify. To obtain a copy of Stata or learn more about the software,
visit http://www.stata.com  or sendemail to stata@stata.com.

3 How to Install Clarify For the First Time

If you do not have a previous version of Clarify on your personalcomputer or your network, there
are two ways to install the software.

3.1 Instaling on Computers that are Connected to the Internet

To install Clarify 2.0 for usewith a personalcopy of Stata, launch Stata and then type:

net from http://gking.harvard.edu/ clar ify /
net install  clarify



To install Clarify for usewith a networked copy of Stata, launch Stata and then type:

net from http://gking.harvard.edu [cla rif y/
net set ado SITE
net install  clarify

In either case,the following les will be installed on your computer: estsimp.ado, estsimp.hlp,
setx.ado, setx.hlp, simgi.ado, simgi.hlp, sumgi.ado, sumgqi.hlp, tlogit.ado, tlogit.hlp. Note that
these les will be installed onto your adopath, the path where Stata searhesfor the les it needs.
If you ever want to remove these les, simply type ado uninstall  clarify

3.2 Installing on Computers that are Not Connected to the Internet

Download clarify.zip from http://gking.harvard.edu and copy that le to a oppy disk.
Then insert the oppy into the disk drive of the macdine that is not connectedto the internet.
Copy clarify.zip into a temporary directory or folder on the hard disk, and usea utilit y such as
pkunzip (available for the PC at http://www.pkware.com ) or Stult (available for the MacIntosh
at http://www.aladdinsys.com /exp ander/i ndex.ht ml) to extract the les into your temporary
directory. Finally, launch Stata and type the following commandsfrom within Stata:

net from <temporary path designator>
net install clarify

Here, replace <temporary path designator> with the path to the temporary directory or folder
where you extracted the contents of clarify.zip . Thus, for example, if the archive were copied
and openedinto the c:ntemp folder on a Windows maadhine, the appropriate installation commands
would be:

net from c:\temp
net install  clarify

On a Macintosh, if you copied clarify.zip into a temporary folder called TEMPF OLDER, you
could install the program by typing:

net from :TEMPFOLDER
net install  clarify



4 How to update Clarify

There are two ways to update Clarify. The choice dependson which version you currently have on
your computer or network.

4.1 Updating from Version 1.2x or earlier

If you are using a version of Clarify releasedbefore June 2001, manually delete the following
les from your Stata adopath, working directory, or network: estsimp.ado,estsimp.hlp, setx.ado,
setx.hlp, simgi.ado, simqi.hlp, sumgi.ado, sumgi.hlp. Once you have done this, you may install
Clarify accordingto the directions in Section 3.

4.2 Updating from Version 2.0 or later

Once you've installed Version 2.0 on your computer, it should be easyto update the program as
new releasesbecomeavailable. If you have a personalcopy of Stata, launch Stata and then type:

net from http://gking.harvard.edu [cla rif y/
net install  clarify, replace

To update the copy on a network, launch Stata and then type:

net from http://gking.harvard.edu [cla rif y/
net set ado SITE
net install  clarify, replace

5 What Clarify Does

Clarify usesstochastic simulation techniquesto help researdersinterpret and preseri their statis-
tical results. It useswhatever statistical model you have chosenand as such changesno statistical
assumptions. As a rst step, the program draws simulations of the main and ancillary parameters
(=) from their asymptotic sampling distribution, in most casesa multiv ariate normal with mean
equalto the vector of parameter estimates(”) and variance equalto the variance-cwariance matrix
of estimates¥(*).1 Thus,

= N AU

1There are two exceptions, the variance parameters for sureg, drawn from an inverse Wishart distribution; and
the variance for regress , drawn from an inverse 2 distribution. For details, seesection 10.



By default the program draws M = 1000 sets of simulated parameters, which should be su cien t
for most applications.

Next, Clarify corverts the simulated parametersinto substartively interesting quartities, such as
predicted values, expected values, or rst dierences. To adieve this objective, the user need
only choosereal or hypothetical valuesfor the explanatory variables (the X 's) and indicate which
quantities should be calculated, conditional on those X's. The program allows researters to
calculate virtually any quantity that would shed light on a particular problem, and provides a
number of Stata proceduresto do this easily.

Clarify 2.0 simulates quantities of interest for the most commonly used statistical models, includ-

ing linear regression,binary logit, binary probit, ordered logit, ordered probit, multinomial logit,

Poissonregression,negative binomial regression,weibull regression,seeminglyunrelated regression
equations, and compositional data.

6 What's new in Clarify 2.0?

Clarify 2.0 includesa number of enhancemets over previous versions,including:

Support for more models, including weibull regression,seeminglyunrelated regressionequa-
tions, and the additiv e logistic normal model for compositional data.

The ability to apply standard transformations { sud as natural logs and exponerts { to
dependert variables, estimate a model, and then reversethose transformations when inter-
preting the results.

Clarify is Amelia-compatible: if you use multiple imputation to correct for problems with
missing values, Clarify will analyze all the multiply imputed data sets and appropriately
combine the results and compute your quartity of interest automatically. (For information
on the software program Amelia, seehttp://GKing.Harvard.Edu ).

The option to generateantithetical simulations, which guaranteesthat the meanof the simu-
lated parametersequalsthe vector of point estimates,”, and reducesMonte Carlo variance.

More powerful commandsfor setting the valuesof the explanatory variables (the X's), using
either single or multiply-imputed datasetsto compute descriptive statistics.

The ability to re-display the previous point estimates by entering the estsimp command
without any argumerts.

The option in the estsimp commandto drop previously simulated parameters.

For automatic noti cations (via email) of updates to Clarify, seethe webpage http://GKing.
Harvard.Edu/netmind.shtm | .



7 A Simple Example

Clarify is basedon three simple commands:

estsimp (estimatesthe model and simulates its parameters)
setx (setsvaluesof Xs before simulating quantities of interest)
simgi  (simulates quartities of interest)

In general,the commandsshould be run in that order, although it is often useful to call setx and
simgi many times after running estsimp . Clarify alsocontains two minor commands: sumgi and
tlogit . sumaqi assistsin summarizing quantities of interest that have beensaved to the dataset.
tlogit appliesthe logistic transformation to one or more variables. For instructions on using these
commands,consult the on-line help le. All Clarify commandscanberun interactively at the Stata
command line or in batch mode by using a Stata do- le.

Each command cortains many options, which we describe in Section 8 of this manual. Here, we
o er a simple example designedto showv how Clarify can be used. With a dataset loaded into
memory, type the following 3 commands:

estsimp logit Y X1 X2 [* Estimate a logit and simulate its parameters */
setx mean [* Set X's to their means. *
simqi [* Report Pr(Y=1) conditional on the X's */

Each of these commands performs a particular operation, which we summarize here. A more
detailed discussionappearsin Section 8.

estsimp logit Y X1 X2 Clarify works by capturing and interpreting the statistical results that
Stata produceswhen estimating a particular model. To use Clarify, insert the word estsimp
at the beginning of an estimation command that you would normally run in Stata. In this
example, the built-in Stata command is logit , the binary dependert variable is Y, and
the explanatory variables are X 1, X 2, and a constart. Unlessthe user speci es otherwise,
estsimp will save the simulated parameters as new variables bearing the namesbl, b2, and
b3, which will hold simulations of the coe cien ts on X 1, X 2, aswell as the constart term.
If any of the variables bl through b3 already exist in the dataset, Clarify will ask the userto
delete those variables or choosedi erent namesfor the simulations.

setx mean The setx command allows the user to choosea real or hypothetical value for eat
explanatory variable before computing quartities of interest. In this example,the command
setx meansetsead X equalto its averagevalue.

simgi The simgi command computes and reports quartities of interest and assaiated measures
of uncertainty. Usedwithout specifying any options (many options are possible{ seeSection



8.3), simqgi will computeintelligent default quartities that are appropriate to the model being
estimated. In the caseof logit, simgi will report the probability that Y = 1.

8 The Main Commands

This section provides more detailed information about ead of the main commandsin Clarify:
estsimp , setx , and simqgi . Much of the information alsoappearsin on-line help les, which canbe
viewed by searding the Stata help menu or entering help command name at the Stata prompt.

8.1 estsimp

Format:

estsimp modelnamedepvar [indepvars] [weight] [if exp] [in range]
[[ sims(m) genname(newvar) antisim mi(filel file2 ... filek) iout dropsims]

Description:

estsimp estimatesa variety of statistical models and generatesM simulations of ead parameter.
Currently supported models include regress,logit, probit, ologit, oprobit, mlogit, poisson, nbreg.
weibull, sureg, and the additive normal model for compositional data. The simulations are stored

parameters. Each variable has M obsenations corresponding to the M simulations. estsimp
labels the simulated variables and lists their nameson the screen, so you can verify what was
simulated. The estsimp command acceptsnearly all options that are typically available for the
supported models. It also acceptsseeral special options that are described below.

Options:
sims(M) speci es the number of simulations, M, which must be a positive integer. The default
is 1000 simulations. If you choosea large number of simulations, you may needto allocate

more memory to Stata. See[R] memory in the Stata referencemanual for more details about
memory allocation.

genname(newv ar) species a stub-name for the newly generatedvariables. If no stub is given,

., hewvark, provided that the variables do not exist in memaory already:.

antisim instructs estsimp to use antithetical simulations, in which numbers are drawn in pairs
from the uniform[0,1] distribution, with the seconddraw being the complemen of the rst.
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The antithetical draws are then usedto obtain simulations from a multiv ariate normal distri-
bution. This procedure ensuresthat the mean of the simulations for a particular parameter
is equal to the point estimate of that parameter.

mi( lelist)  allows estsimp to analyze multiply-imputed datasets: les in which missing values
have beenmultiply imputed, sud as created by Amelia. Enter the name for ead imputed
dataset you want to use, such as mi(filel file2 file3) . Alternativ ely, you can enter a
commonstub namefor all imputed datasets,such asmi(file) . In this case,estsimp assumes
that you want to use all les in the working directory that are part of the uninterrupted
sequencelel, le2, le3... estsimp will estimate the parametersfor ead dataset and use
the estimatesto generatesimulations, which will re ect not only estimation uncertainty but
also the uncertainty arising from the imputation process.Note: if the data in memory have
been changed, you cannot specify the mi() option until you clear the memory or save the
altered dataset.

jout instructs estsimp to print intermediate output (a table of parameter estimates) for eah
imputed dataset that it analyzes. By default, estsimp suppresseghe intermediate output
and displays only the nal estimatesproduced by combining the results from ead imputed
dataset.

dropsims drops the simulated parametersfrom the previous call to estsimp .

Examples:

To estimate a linear regressionof y on x1, x2, x3, and a constart term; simulate 1000 sets of
parameter estimates; and then save the simulations asbl, b2, ..., bk, type:

estsimp regress y x1 x2 x3

In this example, Stata will create v e new variables. The variables bl, b2 and b3 will cortain
simulated coe cien ts for x1, x2 and x3; b4 will hold simulations of the constart term; and b5 will
cortain simulated valuesfor sigmasquared,the mean squarederror of the regression.

To simulate 500setsof parametersfrom a logit regressionand save the results asvariablesbeginning
with the letter \s", type:

estsimp logit y x1 x2 x3, sims(500) genname(s)

Sincethe logit model contains no ancillary parameters,this commandwill generatefour new vari-
ables: s1, s2, s3, and s4. Variables s1-s3 are simulated coe cien ts for x1, x2 and x3, and the nal
variable, s4, is the simulated constart term.

To simulate 1000 sets of parameters from an ordered probit regressionin which the dependert
variable can assumethree values (low, medium, and high), type:



estsimp oprobit y x1 x2 x3

The ordered probit model doesnot cortain a constart term, but it doeshave ancillary parameters
called cut-points. Thus, the estsimp command listed above will generate v e new variables. The
variables bl, b2 and b3 will hold simulated coe cien ts for x1 x2 and x3. Variables b4 and b5 will
contain simulations for the two cutpoints (cutl and cut2).

To obtain antithetical variates, simply usethe antisim option, asin

estsimp oprobit y x1 x2 x3, antisim

Supposethat we have three imputed datasets, called impl.dta, imp2.dta, and imp3.dta. We could
analyze all three datasetsand combine the results by issuing the following command:

estsimp oprobit y x1 x2 x3, mi(impl imp2 imp3)

The resulting simulations of the main and ancillary parameterswould re ect both estimation un-
certainty and the variability assaiated with the multiple imputations.

To view the intermediate output from ead ordered probit estimation, add the iout option to the
previous command, asin

estsimp oprobit y x1 x2 x3, mi(impl imp2 imp3) iout

8.2 setx
Format:
setx

setx function [weight] [if exp] [in range] [, noinher nocwdel]

setx varnamel functionl varname?2 function2
[weight] [if exp] [in range] [, noinher nocwdel]

setx (varnamel varname2) functionl (varname3 varname4) function2
[weight] [if exp] [in range] [, noinher nocwdel]

where

10



function = mean|median|min|max|p#|math| #

‘macro'lv arnamef]

Description:

After simulating parametersfrom the last estimation (see Section 8.1), use setx to set valuesfor
the explanatory variables (the X's), change valuesthat have already beenset, or list the values
that have beenchosen. The main value typesare

mean arithmetic mean

median  median

min minimum

max maximum

p# #th percertile

math a mathematical expression,suc as 5*5 or sqrt(23)
# a numeric value, such as5

‘macro’  the cortents of a local macro

[#] the value in the #th obsenation of the dataset

If you used multiply imputed datasetsat the estimation stage, setx will usethose sameimputed
datasets to calculate values for the explanatory variables. For instance, setx x1 meanwould
calculate the mean of x1 acrossall the imputed datasets.

When using setx or any other Stata command to calculate summary statistics such as means,
medians, minimums, maximums, and percertiles, it is important to de ne the sample. At the
estimation stage, Stata automatically disregards obsenations that do not satisfy the \if *, \in",
and \w eight" conditions speci ed by the user. It alsoignoresobsenations with missing valueson
oneor more variables. Before setting a particular variable equalto its meanor any other summary
statistic, usersmust decidewhether to calculate the statistic basedonly on obsenations that were
usedduring the estimation stage,or to include other obsenations in the calculation.

By default, setx inherits the if-in-weight conditions from estsimp and disregards(casewise-deletes)
any obsenation with missing values on the dependert or explanatory variables. You can specify
di erent if-in-weight conditions by including them in the setx commandline, and you candisregard
all inherited conditions by using the noinher and nocwdel options described below.

The setx commandis alsousedby another statistical padagecalledrelogit , which is alsoavailable
from http://gking.harvard.ed u. If you are running relogit with the wc() or pc() options,
indicating that the data were selectedon the dependert variable, setx will correct the selection
bias when calculating summary statistics. For this reason,meansand percertiles producedby setx
may dier from meansand percertiles of the (biased) sample. When the proportion of 1's in the
population is known only to fall within a range, suc as pc(.2 .3), setx will calculate bounds on
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the values of the explanatory variables. The result will be two X -vectors, the rst assumingthat
the true proportion of 1'sis at its lower bound, and the secondconditional on the true proportion
being at its upper bound. The program will passthese vectors to relogitq and use them to
calculate bounds on quartities of interest. To set eat explanatory variable at a single value that
falls midway betweenits upper and lower bounds, usethe noboundoption that is described below.

setx relies upon three globals: the matrix mrt xc and the macros mrt vt and mrt _seto. If you
changethe valuesof theseglobals, the program may not work properly.

setx acceptsaweights and fweights. It also acceptsthe special options listed below.

Notes: (1) Setxwill not acceptspacesn mathematical expressionaunlessyou enclosethe expression
in parertheses. setx x4 In(20) is a valid command, but setx x4 In( 20 ) is a syntax error.
Similarly, setx x4 5*5 and setx x4 (5 * 5) arevalid, but setx x4 5 * 5is not. (2) You may
usesquarebrackets ([] ) when referring to obsenation numbers, e.g. setx x [15] , but do not use
square brackets in mathematical expressions,or you may get unexpected results. We recommend
that usersched the valuesthey have set with setx by entering setx without any argumerts. (3)
setx relieson three globals: the matrix mrt xc and the macrosmrt vt and mrt seto. If you change
the valuesof these globals, the program may not work properly.

Options:

noinher causessetx to ignore all if-in-weight conditions that are inherited from estsimp. The
user can specify new if-in-weight conditions by typing them as part of the setx command.

nocwdel forcessetx to calculate summary statistics basedon all valid obsenations for a given
variable, even if the obsenations cortain missing valuesfor the other variables. If nocwdel is
not speci ed, setx will casewise-delet@bsenations with missing values.

nob ound This option is available only after relogit , and only when the true proportion of 1's
is assumedto fall within a speci ed range. Supposethe usertyped pc(.2 .4) with relogit
and then erntered setx x1 mean By default, setx would set the variable x1 equal to two
values: the mean of x1, assumingthat the true proportion of onesis only 0.2, and the mean
of x1, allowing that the true proportion is as high as 0.4. Both valuesfor x1 will be passed
to relogitg and usedto calculate bounds on quartities of interest. The nobound option
overrides this procedure by setting eat x to a single value: the midpoint of its upper and
lower bound. Thus, the commandsetx x1 meannoboundwould setx1 equalto the following
expression: [(mean(x1)] = 0:2) + (mean(x1)] = 0:4)]=2, where represeits the presumed
proportion of 1's in the population.

keepmrt is a programmer's option that instructs setx to return the matrix r(mrt xc) without
changing the globals mrt xc, mrt vt, and mrt _seto. If you don't understand what this means
you should not usethis option.

Examples:

12



To list valuesthat have already beenset:
setx

To set ead explanatory variable at its mean:
setx mean

To seteadt explanatory variable at its median, basedon a samplein which x3 > 12 and all inherited
conditions are ignored and casewisedeletion is suppressed:

setx median if x3>12, noinh nocw
To set ead explanatory variable to the value contained in the 15th obsenation of the dataset
setx [15]

The command can also set eat variable separately For instance, to setx1 at its mean, x2 at its
median, x3 at its minimum, x4 at its maximum, x5 at its 25th percertile, x6 at In(20), x7 at 2.5,
and x8 equal to a local macro called myval, type:

setx x1 meanx2 median x3 min x4 maxx5 p25 x6 In(20) x7 2.5 x8 ‘myval'
To changethe value of x3 from its previously chosenvalue to 5*5
setx x3 5*5

To set all variables except x10 at their means,and x x10 at its 25th perceriile, call setx twice:
onceto set all variables at their means,and a secondtime to changethe value of x10 to its 25th
percertile.

setx mean
setx x10 p25

setx can alsoset valuesfor groups of variables. To set x1 and x2 to their means,x3 to its median,
and x4 and x5 to their 25th perceriiles, type:

setx (x1 x2) meanx3 median (x4 x5) p25

13



8.3 simqi
Format:

simqgi [, pv genpv(newvar)
ev genev(newvar)
pr prval(valuel value2...) genpr(newvarl newvar?2...)
fd(existing  option) changex(varl vall val2 [& var2 vall val2] )
msims(#) tfunc(function) level(#) listx ]

Description:

After simulating parametersfrom the last estimation (seeSection8.1) and setting valuesfor the ex-
planatory variables (seeSection 8.2), usesimqi to simulate various quartities of interest, including
predicted values, expected values,and rst di erences.

Predicted values contain two forms of uncertainty: \fundamental® uncertainty arising from sheer
randomnessin the world, and \estimation" uncertainty causedby not having an in nite number
of obsenations. More technically, predicted values are random draws of the dependert variable
from the stochastic componert of the statistical model, given a random draw from the posterior
distribution of the unknown parameters.

If there were no estimation uncertainty, the expected value would be a single number represering
the meanof the distribution of predicted values. But estimatesare never certain, sothe the expected
value must be a distribution rather than a point. To obtain this distribution, we average-avay the
fundamental variability, leaving only estimation uncertainty. For this reason,expected valueshave
a smaller variance than predicted values, even though the point estimate should be roughly the
samein both cases.simqi calculatestwo kinds of expected values: the expected value of Y, and
the probability that Y takeson a particular value. For models in which these two quartities are
equal, simgi avoids redundancy by reporting only the probabilities.

Note: simulated expected valuesare equivalert to simulated probabilities for all the discrete choice
modelsthat simgi supports (logit,  probit, ologit, oprobit, mlogit ). In these models, the
expectedvalue of Y is a vector, with ead elemert indicating the probability that Y = j. Consider
an ordered probit with outcomesl, 2, 3. The expectedvalueis [Pr(Y = 1), Pr(Y = 2), Pr(Y = 3)],
the mean of a multinomial distribution that generatesthe dependert variable.

A rst dierence is the dierence betweentwo expected values. To simulate rst dierences use
the fd \wrapp er”, which is described below.

simgi can generate predicted values, expected valuesand rst di erences for all the models that
it supports. By default, howewer, it will only report the quantities of interest that appearin the
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table belov. To view other quartities of interest or save the simulated quartities as new variables
that can be analyzedand graphed, use one of simqi 's options.

Statistical Quarntities displayed

Model by default
regress E(Y)

logit Pr(y=1)
probit Pr(y=1)
ologit Pr(Y=j) for allj
oprobit Pr(Y=j) for all j
mlogit Pr(Y=j) for allj
poisson E(Y)

nbreg E(Y)
sureg E(Y;) for all equationsj
weibull E(Y)

Options:

pv displays a summary of the predicted valuesthat simgi generatedvia simulation.

genpv(newv ar) savesthe predicted valuesasa new variable in the current dataset. Each \obser-
vation" of newvar represeis one simulated predicted value.

pr displays a summary of the probabilities that simqgi generatedvia simulation.

prv al(v aluel value2 ...) instructs simgi to ewaluate the probability that the dependert variable
takes-onead of the listed values

genpr(newv arl newvar2 ...) savesthe simulated probabilities as new variables in the current
dataset. Each new\observation" represens one simulated probability. If both the prval() op-
tion and the genpr() option areused,simqi will save Pr(Y=v aluel)in newvarl, Pr(Y=v alue2)
in newvar?2, etc. If the prval() option is not speci ed, genpr() will save the probabilities in
the order that they appear on the screen.

ev displays a summary of expectedvaluesthat simgi generatedvia simulation. This option is not
available for discrete choice models, where it is redundant with pr.

genev(newv ar) savesthe expectedvaluesin a new variable called newvar. Each obsenation of
newvar represens one simulated expected value. This option is not available for discrete
choice models, where it is redundant with genpr().

fd(existing option) is a wrapper that makesit easyto simulate rst dierences. Simply wrap
the fd() wrapper around an existing option and specify the changex() option.

15



changex(v arl vall val2) species how the explanatory variables (the x's) should change when
ewvaluating a rst dierence. changexusesthe samebasic syntax as setx , exceptthat eath
explanatory variable has two values: a starting value and an ending value. For instance,
fd(ev) changex(x1 .2 .8) instructs simqgi to simulate a changein the expected value of Y
causedby increasingx1 from its starting value, 0.2, to its ending value, to 0.8.

level(#) species the con dence level, in percert, for con dence intervals. The default is level(95)
or the value set by set level . For more information on the set level command, seethe
on-line help for level.

msims(#) sets the number of simulations to be used when calculating expected values. The
number must be a positive integer. By default, the value of msims is set at 1000. simqi
disregardsthe msimsoption wheneer the expected value is parametrically de ned.

listx instructs simqi to list the x-valuesthat wereusedto producethe quartities of interest. These
valueswere set using the setx command.

tfunc(function)  allows the userto specify a transformation function for transforming the depen-
dent variable. This option is only available for regress and sureg. The currently supported
functions are

Function Transformation (for all variablesj)

squared y; ! }9 Y
sart —y; b ()
exp yj ! @i
In yj ! In(yj )
logiti yig ! oei=1+ &)

I

Basic Examples:

To display the default quartities of interest for the last estimated model, type:

simqi

For a summary of the simulated expected values,type:

simqi, ev

For a summary of the simulated probabilities, Pr(Y=j), for all j categoriesof the dependert variable,
type:
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. simqi, pr

To display only a summary of Pr(Y=1), the probability that the dependen variable takes on a
value of 1, type:

simqi, prval(1)

To generate rst di erences, use the fd() wrapper and the changex() option. For instance, the
following command will simulate the changein the expected value of Y causedby increasing x4
from 3 to 7, while holding other explanatory variables at their means

setx mean
. simqi, fd(ev) changex(x4 3 7)

To simulate the changein the simulated probabilities, Pr(Y=j), for all j categoriesof the dependert
variable, given an increasein x4 from its minimum to its mean, type:

setx mean
. simqi, fd(pr) changex(x4 min mean)

If you are only interested in the changein Pr(Y=1) causedby raising x4 from its 20th to its 80th
percenile when other variables are held at their mean, type:

setx mean
. simqi, fd(prval(1)) changex(x4 p20 p80)

More Intricate Examples:

To display not only the simulated expected valuesbut alsothe x-valuesusedto produce them, we
would type:

simqi, ev listx

simqi displays 95% con dence intervals by default, but we could modify the previous exampleto
give a 90% con dence interval for the expected value:

. simqi, ev listx level(90)
To save the simulated expected valuesin a new variable called predval, type:
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. simqi, genev(predval)

Tosimulate Pr(Y=0), Pr(Y=3), andPr(Y=4), andthen savethe simulated probabilities asvariables
called simpr O, simpr 3 and simpr 4, type:

simqgi, prval(0 3 4) genpr(simprO simpr3 simpr4)

The changexoption can be arbitrarily complicated. Supposethat we want to simulate the change
in Pr(Y=1) causedby simultaneously increasingx1 from .2 to .8 and x2 from In(7) to In(10). The
following lines will producethe quartities we seek:

. setx mean
simqi, fd(prval(1)) changex(xl .2 .8 x2 In(7) In(10))

We could augmert the previousexampleby requestinga secondrst di erence, causedby increasing
x3 from its median to its 90th percenile. Simply separate the two changex requestswith an
ampersand.

setx mean
. simqi, fd(prval(1)) changex(xl .2 .8 x2 In(7) In(10) & x3 median p90)

Likewise,the fd() option can be asintricate aswe would like. For instance, supposethat we have
run a poissonregression. We want to seewhat happensto Pr(Y=2), Pr(Y=3), and the expected
count whenwe increasex1 from its minimum to its maximum. To obtain our quartities of interest,
we would type:

. setx mean
simqgi, fd(prval(2 3)) fd(ev) changex(xl min max)

simgi allows usto save any simulated variable for subsequen analysis. To nd the mean, standard
deviation, and a con dence interval around any quartit y of interest that hasbeensaved in memory,
usethe sumgi command. To graph the simulations, usegraph or kdensity .

The tfunc() option reversescommon transformations that usershave applied to the dependert
variable. Supposethat you have taken the log of the dependert variable before running estsimp
regress . The command simqgi would provide quartities of interest on the logged scale. If you
wanted to reversethe transformation, thereby recovering the original scale,you could type

simqi, tfunc(exp)
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9 Frequently Asked Questions

Why does Clarify give slightly dieren t results each time? Clarify usesrandom simulation
to create quartities of interest and assa&iated measuresof uncertainty. Slight discrepanciesare a
result of taking a nite number of simulations and using a di erent random number seed. If you
require more precision, increasethe number of simulations drawn (see Section 8, Sub-section8.1).
If exactly the same numerical results are required, set the random number seedwith the Stata
command set seed before beginning the analysis.

Is it ok if some of my explanatory variables are statistically insignican t? Yes. Clarify
computes quartities of interest basedon all estimated coe cien ts, regardlessof their level of sta-
tistical signi cance. This is not problematic becausethe true quantities of interest are usually the
predicted values, expectedvalues,and rst di erences, not the coe cien ts themsehes. It is usually
better to focus on the con dence intervals Clarify reports for ead quartity it computesthan the
standard errors of coe cien ts.

How do | know how large to make M? In our experienceM = 1000is su cien t for most
analyses. However, one ched on the adequacyof M is to verify that the meansof the simulated
parametersare equalto the estimated parameterswithin the desireddegreeof precision. If they are
not, increaseM until you achieve the desiredprecision. Be aware that in larger models increasing
M may add to the computer time and memory required for simulation.

How can | set the X's equal to the actual values in my dataset? You can usethe setx
command to set the x's at any value you'd like, including the actual valuesthat appear in the
dataset. For instance, setx [93] will setall the x's equal to the valuesthat appear in the 93rd
obsenation of your dataset. The sequenceof commands

setx mean [* sets all x's to their means*/
setx x1 x1[7] [* resets x1 to value in 7th observation */

will set all the x's equalto their means,and then set x1 equal to the value of x1 that appearsin
the 7th obsenation of the dataset. If you wanted to get results for ead x1 in your dataset, you
could write a little loop, suc as:

setx mean /* set all x's to their meanlevels */

local i 1 [* create a counter that runs from 1 to */

while "i' <= N{ [* _N, where Nis the # of observations */
setx x1 x1['i [* set x1 to the value in the ith obs */
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simqi /* simulate quantity of interest */
local i =71 +1 [* repeat for other observations */

How can | set the X's when | have interaction terms? setx will work with interacted
variables. Supposethe independert variablesin your dataset are X1 and X2 and you have created
an interaction term X1X2= X1 X 2. First you would run estsimp with the interacted variable,

e.g.:

estsimp regress y x1x2

If you wish to set X1X2 to its mean, then you can usesetx in the normal way:

setx x1x2 mean

However, if you want to set X1X2 to the product of the meansof X1 and X2 (rather than the mean
of the product), then you have two choices. First, you could set the valuesby hand, e.g.,

setx x1x2 10*12

where 10 is the mean of x1 and 12 is the mean of x2.

Howewer, an even better method is the following sequenceof commands:

summarize x1, meanonly /* Computethe meanof x1 */

local mx1="r(mean)' [* Save the meanin a local macro */
summarize x2, meanonly /* Computethe meanof x2 */

local mx2="r(mean)' [* Save the meanin a local macro */
setx x1x2 “‘mx1* mx2' /* Setx to mean(xl)*mean(x2) */

How can | use Clarify to analyze comp ositional data?

The procedureinvolvesfour basic steps:

1. Run tlogit to transform the vote shares(or other compositional data) into log ratios

20



2. Run estsimp sureg to estimate a seeminglyunrelated regressionand simulate the parameters
3. Run setx to choosereal or hypothetical valuesfor the explanatory variables (X's)

4. Run simqgi with the tfunc() option to simulate the distribution of votes, conditional on the
simulated parametersand chosenX's.

Supposethat we are studying a political systemwith 500 electoral districts. Each obsenation or
row in the dataset pertains to one of thosedistricts. In this example,we have three political parties
that ead garner a percerntage of the vote. Their vote shares,collectedin variablesvl, v2, and v3,
sumto 100 percert.

First, we select party 3 as our referenceparty and transform the vote sharesof the other two
parties into log ratios with respect to party 3. Thus, y1 = In(vl=v3) and y2 = In(v2=v3). The
appropriate syntax in Clarify is tlogit vl yl1 v2 y2, base(y3) percent, which will create two
new variables: y1 and y2, which are the log ratios for v1 and v2 with respect to the basevariable
v3.

Second, use the estsimp command to run a seemingly unrelated regressionmodel with the log
ratios y1 and y2 as our dependert variables. The syntax is estsimp sureg (yl1 x1 x2) (y2 x3
x4) . Each equation is enclosedin parentheses. Thus, the rst equation states that the log ratio
y1l is a linear function of the explanatory variables x1 and x2. The program will automatically
add a constart term, as well, unlessthe user asks that it be suppressed. Likewise, the second
equation statesthat y2 is a linear function of x3, x4, and a constart. The estsimp command will
estimate the model and simulate the parameters. By default, estsimp will draw 1000 values for
ead parameter. In this example, the program would draw 1000 sets of betas (each set has six
elemerts: three betasfor equation 1 and three for equation two); the program would also generate
1000 simulations of , a 2x2 matrix that governs the relationship betweenthe errors of the two
equations. Clarify will store these simulations in memory for subsequen use.

Third, use the setx command to choose some hypothetical or real values for our explanatory
variables. For instance, type setx (x1 x2) meanx3 15 x4 p20 to set variables x1 and x2 at
their respective means,x3 equal to the number 15, and x4 equal to its twertieth percertile.

Finally, usethe simgi commandto simulate quartities of interest, such asthe predicted distribution
of votes. The commandis simqi, pv tfunc(logiti) , Where tfunc(logiti) tells the program to
apply the inverselogistic function to transform the log ratios into sharesof the total vote.

How did you generate the graphs in your paper? Clarify doesnot automatically produce
graphs. In order to produce a graph, such as Figure 1 from King, Tomz, and Witten berg (2000),
you will needto use Stata's graphics commands. The sequenceof commands used to generate
Figure 1is:
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generate plo
generate phi = .
generate ageaxis = _n + 17 in 1/78
setx educate 12 white 1 income mean
local a = 18
while "a' <= 95 {
setx age 'a' agesqrd (‘a”2)/100
simqi, prval(l) genpr(pi)
_pctile  pi, p(2.5,97.5)
replace plo = r(rl) if ageaxis=="a'
replace phi = r(r2) if ageaxis==a'
drop pi
local a="a +1

}

sort ageaxis
graph plo phi ageaxis, s(ii) c(|])

How can | create a log of all the commands and output in a Clarify session? See[R]
log in the Stata referencemanual or consult the on-line help for the log command.

How do | cite this program? If you usethis software, pleasecite

Michael Tomz, Jason Witten berg, and Gary King (2001). CLARIFY: Software for
Interpreting and Preseriing Statistical Results. Version 2.0 Cambridge, MA: Harvard
University, June 1. http://gking.harvard.edu

and

Gary King, Michael Tomz, and Jason Witten berg (2000). \Making the Most of Sta-
tistical Analyses: Improving Interpretation and Presenation.” American Journal of
Political Sciene 44, no. 2 (April 2000): 347-61.

Can | share Clarify with others? Clarify is (C) Copyright, 1999 2001, Michael Tomz, Jason
Witten berg and Gary King, All Rights Resened. You may copy and distribute this program
provided the copy is identical to the original and you do not chargefor it. To requestan exception,
pleasecontact Michael Tomz, tomz@stanford.edu .

We recommendthat you distribute the current version of this program, which is available from
http://GKing.Harvard.Edu
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What if | nd a bug? First, getthe most recert version (from http://gking.harvard.edu )
and try to replicate the problem. If the problem persists, copy down exactly what you seeon the
screenwhen the program crashes,and email it along with the command you usedto generatethe
error, to tomz@stanford.edu , witty@polisci.wisc.edu , or king@harvard.edu .

You may also send commeris to Michael Tomz, Department of Political Science, Encina Hall,
Stanford University, Stanford, CA 94305-6044.

10 Formulae - A Peek Under the Hood

This sectionis intended for advanceduserswho want details about the algorithms that Clarify uses
to simulate parameters,setvaluesfor the explanatory variables, and compute quartities of interest.
We welcomeany suggestionsfor improvemert.

10.1 Algorithms for estsimp

Recall that the estsimp command performs two functions: it estimatesthe main and ancillary
parameters ( ) of the statistical model, and it draws simulations of those parameters from their
asymptotic sampling distribution.

Typically, the sampling distribution is multiv ariate normal with mean equal to the point-estimates
of the parameters(*) and variance equal to the variance-covariance matrix of estimates¥(»). The
current version of Clarify corntains two exceptionsto this rule.

In the caseof linear regression,the e ect coe cien ts ( s) are drawn from a multiv ariate normal,
but simulations of the homoslkedastic variance 2 are obtained in a separate step from a scaled
inverse ? distribution with = n k degreesof freedom, where n is the number of obsenations
in the dataset and k is the number of explanatory variables, including the constart term (Gelman,
et al., 1995, p. 237). The two-step procedureis legitimate becausethe e ect coe cien ts and the
variance parameter are orthogonal in a linear regression;the procedure is desirable because 2
is strictly positive, and therefore more appropriately drawn from its exact posterior than from a
normal distribution. To obtain simulations of 2, the program draws c from a 2 with  degreesof

freedom,and then calculates~2 = 2=c The resulting draws have an expected value of — A2,
which approaces”®?as ! 1.

Likewise,the e ect coe cien ts ( s) of a seeminglyunrelated regressionare drawn from the mul-
tivariate normal, but simulations of the variance matrix  are obtained in a separatestep. Here,
the appropriate posterior distribution is the inverseWishart (Gelman, et al., 1995,p. 481) with

degreesof freedomand dimensionp, where p is the number of equationsin the seeminglyunrelated
regressionmodel. In caseswhere the number of explanatory varables varies from one equation to
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the next, Clarify calculatesn k for ead equation and sets equalto the meanof thosevalues. To
obtain simulations of , the program draws from a Wishart with scalefactor ( § ! and inverts
the draws. The algorithm for drawing from the Wishart relieson Bartlett's decomposition, which is
conciselysummarizedin Johnson (1987, p. 204) and Ripley (1987, pp. 99-100). estsimp produces
draws that have an expected value of T/’\ which approaches " as goesto innit y. In small
samplesthis procedureis consenative, since > p 1,implying that E(™) > "

For all models, simulations of the main and ancillary parametersare random. This meansthat, in
any given run of estsimp, the averagevalue of ~ may be slightly smaller or larger than the point
estimate *, though the approximation becomesmore precisewith a higher number of simulations.
Users can force the mean of the simulated parametersto equal the vector of point estimates by
requesting antithetical simulations (Stern 1997, pp. 2028-29). The antisim option instructs the
program to draw random numbersin pairs from the uniform[0,1] distribution, with the seconddraw
beingthe complemen of the rst. For instance,if the rst draw is 0.3then the complemernary draw
is 0.7. The draws are, therefore, exactly balanced around the mean of the uniform distribution.
These anthithetical simulations are then usedto obtain antithetical or balanced draws from the
multiv ariate normal.

When usersare analyzing a single dataset, Clarify estimatesa single vector ~ with variance ¥ ()
and draws all M simulations based on those estimates. The table that appears on the screen
givesthe exact point estimatesand standard errors, instead of reporting the meansand standard
deviations of the simulations.

The procedureis somewhatmore complicated whenthe researtier employs the mi option to analyze
seweral imputed datasets. In this case,estsimp repeatsthe following algorithm | times, wherel is
the number of completed datasets: estimate the parametersand their variance-cwariance matrix

conditional on the information in dataseti (i = 1;2;:::;1), and then draw M =| setsof parameters
from their sampling distribution. By repeating this algorithm | times, the program generatesM

setsof simulated parameters. The output table givesthe analytical point-estimate, standard error,
and t-statistic for eaty parameter, instead of reporting the meansand standard deviation%of the
simulations. Speci cally, the multiple-imputation point estimate for parameter q is q = % i|=1 G

and the varianceassaiated with qis aweighted conbination f the within-imputation I:,and between-
imputation variances:V(g) = w+ (1+ 1 )b, wherew= 1" 1 V(§) andb= ;| (4 02
The ratio of g (the parameter estimate) to V(q)™ (its standard error) forms a t-statistic with

degreesof freedom = (I 1)[1+ m—ﬁ%]z. For more information about these procedures,see
King, et al. (2001) and Schafer (1997, pp. 109-110).

10.2 Algorithms for setx

setx allows the userto choosereal or hypothetical valuesfor the explanatory variables (the X s).
The program employs standard formulae for the mean, the minimum, the maximum, percertiles,
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and other descriptive statistics. If the useris analyzing seweral imputed datasets,setx will calculate
the averagestatistic acrossthe datasets. For instance, the command setx x1 meanwill calculate
the mean of x1 in ead dataset, and then set x1 equal to the average of those means. Similarly,
the commandsetx x1 x1[3] will obtain the value of x1 in the third row of ead imputed dataset,
and then set x1 equal to the averageof those values.

10.3 Algorithms for simqi

simgi simulates quarntities of interest basedon the parametersthat were generatedby estsimp and
the x-valuesthat werechosenwith setx . The program obtains simulations of the dependert variable
and usesthem to calculate expected values, probabilities, rst di erences, and other quartities of
interest. This procedure works in all casesbut involves some approximation error, which users
can make arbitrarily small by choosing a su cien t number of simulations. In many casesthough,
shortcuts exist that can curtail both computation time and approximation error. simgi employs
sud shortcuts whenever possible. Here, we sketch the algorithms for eacn model that Clarify
supports.

regress : The exactalgorithm in simqi dependson whether the userhastransformedthe dependen
variable (e.g., taken the log of y) prior to estimation. If no sud transformation has occurred, the
program generatesone predicted value accordingto the formula v = X ™+ ~ where ~is a vector
of simulated e ect coe cien ts and ~is one draw from N (0; ~2). Likewise,the program simulates
one expected value as E(y) = X.~. The algorithm becomesa bit more complicated if the user
transformed the dependert variable prior to estimation, and would like to reversethe transformation
wheninterpreting the results. Let f represen a function, asidentied by the tfunc() option, that
reversesthe transformation. If f has been specied, the program simulates one predicted value
according to the formula f (X ™+ ~). For an expected vqgue, the program draws m values of ~
(d= 1;2;:::;m) from N (0; ~?) and then computes (1=m) iy f (Xc ™+ ~), which is the average
of m predicted values.

logit : The formula for ~, the simulated probability that the dependert variable y takes on a

value of 1, is 151+ e X¢"). To obtain one simulation of y, the program draws a number from the
Bernoulli distribution with parameter ~.

probit : The formula for ~, the simulated probability that the dependen variable y takeson a

value of 1, is ( X¢7) where s the c.d.f. of the standard normal distribution. To obtain one
simulation of y, the program draws a number from the Bernoulli distribution with parameter ~.

ologit : The exactformula dependson the number of categoriesin the dependert variable. Suppose

there are three categories.Let ~represen one simulated vector of e ect coe cien ts and let ~, and
~v Stand for draws of the cutpoints. To obtain one simulation of the probabilities for ead category
(y = Oy = Ly = 2), the program calculates: ~g Pt(y = 0) = ~ Priy=1)-=

1
1+e(Xc™ =10) "’
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— ——,and~ Pr(y=2)=1 —F———. With theseresults, the program
1+ e(x c hi ) 1+ e(x c o) 1+ e(x c i )
can draw a predicted value, ¥, from a multinomial distribution with parameters ~g, ~1, —, and

n=1.

oprobit : The exact formula dependson the number of categoriesin the dependert variable. Sup-

posethere are three categories. Let ~ represen one simulated vector of e ect coe cien ts and let
~o and ~; stand for draws of the cutpoints. To obtain one simulation of the probabilities for
eath category (y = Oy = 1,y = 2), the program calculates~¢ PT(y = 0) = ( 7o X¢7),
~ Pry=1)= (= Xc) (0 Xc7),and~ Pr{y=2)= (X~ i) With
these results, the program can draw a predicted value, y, from a multinomial distribution with
parameters ~g, ~1, ~, and n = 1.

mlogit : The probability equation for the K nominal outcomesof the multinomial logit is ~;
: X ¢ :
Priy=1j) = % where one of the J outcomesis the base category sud that the e ect
k=1
coe cien ts ~for that categoryare setto zero. With theseresults, the program candraw a predicted
value, ¥, from a multinomial distribution with parametersequalto the ~sand n = 1.

poisson : The formula for the expected value ~ is €X<~, and the probability that the dependert

variable takes on the integer value j is Pr(y = j) = & jN,*‘J . To obtain one predicted value, the

program draws y from a Poissondistribution with paraméter ~. The Poissonsimulator is adapted
from Press, et al. (1992), pp. 293-95.

nbreg: The formula for the expectedvalue ~ is X<, just asin the Poissonregressionmodel (Long
1997, pp. 230-33). The probability that the d(l—:-pendert value takes on the integer value j can be
simulated asPr(y = j) = J.(!J(’“: 11)) jle — J. simgi obtains ~, the \overdispersion"”
parameter, by drawing simulations of In( ) and the other parametersfrom the multiv ariate normal
distribution and then calculating €"( ). To obtain a predicted value y, the program draws one
number from a poissondistribution with mean X ~, where €™ is simulated from a gamma dis-
tribution with shape parameter ~ ! and scaleparameter ~. When ~ 1 < 1, the gamma simulator
is basedon the algorithm deweloped by Ahrens and Dieter, as described in Ripley (1987, p. 88).
For other valuesof ~ 1, the gamma simulator is basedon the procedureby Best, as described in

Devroye (1986, p. 410).

sureg: As with regress , the algorithm for interpreting the results of a sureg dependson whether
the usertransformed the dependert variable. If the userestimated the model without transforming
the dependert variable, the program generatesone predicted value for equation k according to
the formula y = X7k + «, Where 7 is a vector of simulated e ect coe cien ts for equation
k and ~ is a simulated disturbance term for that equation. Disturbances for all equations are
drawn simultaneously from a multiv ariate normal distribution with mean 0 and variance matrix
T asobtained from the inverseWishart. Likewise,the program simulates one expected value for
equation k as E(yx) = X k. If the user has transformed the dependen variable, let f represert
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the function that reversesthe transformation. The program simulates one predicted value for
equation k according to the formula f (X7 + ~«). For an expected value, the program draws m
setsof disturbance terms from N (0; ™) and indexesthem as ~.q, whergk marks the equation and
d= 1;2;:::;m. Then, for eath equationk the program computes(1=m) ., f (X¢ %+ ~«:qa), Which
is the averageof m predicted values.

weibull : The algorithm dependson which metric, proportional hazard (PH) or acceleratedfailure-
time (AFT) metric, wasusedat the estsimp stage. The expectedvalueis de ned as 17 (1 + 1=p).
In the AFT metric, == e X¢"P; in the PH metric, ~ = eX¢". The program obtains simulations
of the ancillary shape parameter p drawing by In(p) and the other parametersfrom a multiv ariate
normal distribution and then calculating €. To obtain a predicted value, the program draws
one number from the Weibull distribution with parameters ~ and p.
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