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Why Multi-level Modeling

Why Multi-level Modeling?:

© Theory suggests that micro-effects vary systematically across
contexts — political, economic social, etc.

@ Some examples: Kedar (2005) Anderson (1997) Leoni (2006)
van der Brug et al (2007) See special issue of Political Analysis
(2005).
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Estimating Models

These efforts have the following common modeling features:

Vik ~ Bin(mi) (1)

logit(mix) = Bok + BuxXik + Zfiléf)jkzjik (2)
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where (in the example we are going to develop today):

o

2]

vjk indicates a vote for the Chief Executive party by voter i in
each of k election surveys where i = 1...n,

Xik are retrospective economic evaluations measured at the
individual level

Zjji are other characteristics of individuals that shape
self-reported vote choice

Ji indicates number of controls associated with each of k
elections

Box and By describe economic voting in any particular survey
and vary from survey to survey

Cy is a contextual variable measured at level-2
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The Data

@ idea here is to maximize the observations on k so as to have
pretty robust estimates of contextual effects

@ example here is start with about 200 voter preference surveys
resulting in 163 usable surveys

© http://wwww.raymondduch.com/economicvoting/
firststage/index.htm
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The Data

Figure: Description of Individual Country Studies
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Criteria for Selecting Surveys

@ similarly measured dependent variable: vote choice, support for
EU, democratic satisfaction

@ similarly measured theoretically critical independent variable:
economic perceptions, left-right identification, Postmaterialism

© appropriate control variables
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Workshop Goals

© replicate analysis in Duch and Stevenson (2005) and (2007) at
wwww.raymondduch.com /economic voting

@ employ subset of D&S data
© pooled strategy — as reviewed by Professor Snijders

Q two-stage strategy — as presented in Duch and Stevenson
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Data and Code

The data (a subset of 34 voter preference surveys from Duch and
Stevenson) and code for the MLwiN and R programmes that we
will be running are available at:

www.raymondduch.com/multilevelmodeling /data.html
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Figure: Description of study variables and links to codebooks/definitions
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Estimate a Pooled "One-Stage" Multi-level Model

logit(mix) = Bok + Bk Xik + Zfi1¢jkzjik (3)
Bok = Y00 + Y01 Ck + wok (4)
Bik = 710 + 711 Ck + w1k (5)

( Wok ) ~ N(0,9),Q = ( Pho  Owgen ) (6)

Wik 0w0,wl 0.1
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MLwiN Data for Replication of Results in Table 2 D&S

Cc9

Cc23
Cc24
c21
Cc22

Cc28
C25
C26

c27

C29
Ci8
C17
c8

= 0 (opposition) 1 (chief executive party)

= positive retrospective evaluation dummy

= negative retrospective evaluation dummy

= demeaned Left-Right self identification (1=Left/10=Right)

= interaction of Left-Right self identification with dummy for Left Chief Executive
party

= average support for the chief executive’s party in the survey

= Concentration of Authority (deviated from the study mean)
= Interaction of concentration of authority with positive retrospective evaluation
Dummy
= Interaction of concentration of authority with negative retrospective evaluation
Dummy
= constant (1)
= constant (1)
= level 1 unique id number

= level 2 voter preference survey identification code
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Figure: MLwiN Output for Basic Economic Voting Multi-level Model

A Equations
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"One-Stage" Multilevel Model Results from R

Fixed Effects Model 1
Economy Better 0.42
(0.05)
Economy Worse —0.53
(0.06)
Left-Right Placement 0.47
(0.00)
Left-Right Placement X Left Chief Exec —0.59
(0.01)
Chief Exec Support 5.22
(0.43)
Intercept —2.44
(0.12)
Toon 0.07
EoR 0.06
o 0.10
O wa 0.00
Owy,ws —0.05
Owy,w3 —0.02

Main entries are logit coefficients.
Standard Errors in parentheses.
N=31286
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A "Two-Stage" Modeling Strategy

The advantages of a two-stage strategy are:

@ by avoiding pooling you can increase the number of
observations on the context variable

@ well specified models

© exploratory data analysis
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First Stage Estimation for Each Survey

~ J ~
&Prkm (Xt )+ 275, bjkm Zjik

Tikm = (7)
1 +Z partles ﬁlkm()gk)%’Z =1 _[ka_/lk

where m indexes party, i indexes individual, j indexes control
variables and k indexes surveys.
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Figure: Example of Dutch 1994 Results
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First Stage Estimation of Economic Vote

EVikm = Pr(yic = mi| X, Zijx) — Pr(yik = me| Xi, Ziji) (8)

A Je 2
&Pk, (Xit)+ 27K, Bjim, Ziik
EV; = 9
ikm part:es ﬁ (X )+ZJ5 ({) Z: ( )
1+ Z k aP1kmy (Aik -j=1Pikmy £jik

e/Blkmk (X,'/I<)+Zjil $jkmk Zjik

~ Je 2
1+Z Pa't'eSk ﬁlkmk(xilk)+zj:1¢jkmkzjik

where m indexes party, i indexes individual, j indexes control
variables and k indexes surveys.
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Multinomial Logit Simulation

The Multinomial Logit Simulation goes through the following steps:

© Makes the categorical variable of interest into 2 dummy
variables.

@ estimates a multinomial logit with all the required controls in
the model.

(3] Simulftes 1000 draws from the multivariate normal
Nic (B.%5)

O Takes the model matrix (the matrix of all independent
variables) and multiplies it by the simulated coefficients.

@ Calculates and saves the multinomial logit probabilities in pjim;
(n individuals and 1000 simulations, m categories on the
dependent variable)
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More MNL Simulation

o

7]

®66 6 0O0

Changes the value of the variable of interest (retnat here) by
one up to a certain boundary condition.

Recalculates logit probabilities based on new variable of
interest coding and saves them in pjjm»

Pijml - Pijm2 = 6ijm
< 1 1000 ¢ .
5’”7 - (1000) ZjZl 5’./’77
2

1000 <
2 2i%%%(Sijm—0im)
Calculates o5 = =01

Calculates evp, = (1) >0 6im
Calculates ooy, = (1) Y1 05,

Returns ev, and oey,,.
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Table: Small Sample of output from R

party change sd country  year
cen.cpp —0.03  0.047 DEN 1985
cons —0.107 0.066 DEN 1985
exleft 0.11 0.063 DEN 1985
lib 0.013 0.043 DEN 1985
rad —0.014 0.051 DEN 1985
socdem 0.028 0.097 DEN 1985
green 0.078 0.047 FRA 1985

pcf-psu 0.115 0.047 FRA 1985
ps—mrg —0.657 0.073 FRA 1985

rpr 0.231 0.061 FRA 1985
udf 0.234 0.065 FRA 1985
christ —0.216 0.126 GER 1985
fdp —0.132 0.106 GER 1985
green 0.086 0.032 GER 1985
soc 0.262 0.119 GER 1985
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Examining the Data

Figure: Economic Vote of Chief Executive
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Examining the Data

Figure: Economic Vote of all Political Parties in Data Set
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Second Stage Models

Two-Stage Model:
EVi = ag + a1 Ci + v (10)

One-Stage Multilevel Model:

logit(vik) = Pok + Bk Worseix + [ax Better (11)
+  ¢ikldeologyix + ¢ox(Ideologyix % CEgeoiogy,) (12)
Bok = o+ o1 Cr + woxk
P = m+ 711G+ wik (13)
Pok = 72+ 711 Ch + wak (14)
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Comparing One and Two Stage Modeling Procedures Standard Errors

Comparing Level Two Residuals

In Duch and Stevenson there is a comparison of the one and two
stage estimates of the random component of the coefficient for the
dummy variable measuring whether respondents indicated "worse
economic perceptions".
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Comparing One and Two Stage Modeling Procedures Standard Errors

Estimating survey-level residuals for two-stage strategy

For the sake of generating random effects on "worse economic
perceptions" similar to the multilevel logit model, consider the
following first-stage model:

yik ~ B(mi) (15)
logit(mix) = Bok + Brk Worseix + Bo Betteri (16)
+  ¢1xldeologyix

Now, we can calculate the following vector of values similar to the
random effect residuals on the coefficient of interest:

N 1 A~
Yk = Pk — szilﬁlknk (17)
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Comparing One and Two Stage Modeling Procedures

Level 2 Residuals
Standard Errors

Steps to generate the two random components for

comparison

o

2]
o

estimate wy from Equation 13 which is random component
for Byx

save these in a file
estimate the model in Equation 16 for all 34 studies

sum the 34 estimates of (31x from Equation 16 multiply them
by their sample size and then divide by total observations in all
34 studies — this is the average slope coefficient over all 34
estimates

to generate 11, in Equation 17 simply subtract this average
slope coefficient from each (3, estimated in Equation 16
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Comparison of "Residuals" from One and Two Stage Models

Separate Logits Weighted Coefficient Residuals

-0.2 0.0 0.2 04

-0.4

Level 2 Residuals

Standard Errors

Figure: Compare Estimates from One and Two Level
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Comparing One and Two Stage Modeling Procedures St Eopers

Standard Errors

@ Obtaining the appropriate estimates of coefficients and
standard errors in the second stage model is of paramount
concern. Assume that you have a level 1 model as follows:

Yik ~ B(mik) (18)
log < ik > = a+ X6+ i (19)
1 — 7y
@ And the second stage model:
Ve~ N(pk, o) (20)
pk = Y0+ 71Xk (21)

Where jy is a prediction from the level 1 model.
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Comparing One and Two Stage Modeling Procedures St Eopers

Why Standard Errors?

@ The usual way to treat y is to take the predicted values and
stick them in a predictive model as the dependent variable.

@ However, we propose a strategy based on treating these
estimates as a severe case of missing data.

@ - (i) J_é@,—k -
’oC (m - 1> B — QB — Q) -
o - () é"f 0
Tosu(in)e (29)

where, V; is the variance-covariance matrix of each simulated
set of 3's, Q is the vector of parameter estimates and T is the
total variance-covariance matrix of Q (m indexes the
simulation).
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Comparing One and Two Stage Modeling Procedures St Eopers

New Standard Errors

@ Our strategy is to simulate each y, from its sampling
distribution.

@ Then, we get a vector of (3's for each simulated vector of y;'s.

@ Then, we subject these vector of coefficients to the equations
above, where we get a better sense of the true sampling
variation of in the coefficients once we take account of the
error.
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Results: One-stage Model
Example: EV and Admin Responsibility Results: Two-stage Model

Models

Second stage of two-stage model:
EV) = ag + aiAuthority, + v (26)
One-stage model:

logit(mi) = Dok + Pk Worseix + [k Better; (27)
+  ¢uildeologyix + ¢ax(Ideologyix < CEideology,) (28)

Bok = Yoo + 70151.261( + ’yogAuthOI’ityk + Wok
Bik = 71+ vyiiAuthority, + wik (29)
Gok = 72 + ~yi1Authority, + wog (30)
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Results: One-stage Model
Example: EV and Admin Responsibility Results: Two-stage Model

Multilevel Model Results

Fixed Effects Model 1 Model 2
Economy Better 0.42 0.45
(0.05) (0.05)
Economy Worse —0.53 —0.59
(0.06) (0.06)
Left-Right Placement 0.47 0.47
(0.00) (0.00)
Left-Right Placement X Left Chief Exec —0.59 —0.59
(0.01) (0.01)
Chief Exec Support 5.22 4.19
(0.43) (0.40)
Authority 0.99
(0.22)
Authority x Better 0.49
(0.26)
Authority X Worse —0.76
(0.31)
Intercept —2.44 —2.11
(0.12) (0.12)
oy 0.07 0.03
oy 0.06 0.05
ol 0.10 0.08
Oy ,wa 0.00 —0.01
Cwygws ~0.05 —0.02
Gy —0.02 —0.01
Main entries are logit coefficients, Standard Errors in parentheses.
N=31286
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Results: One-stage Model
Example: EV and Admin Responsibility Results: Two-stage Model

Second-stage Model

EV) = ag + azAuthorityy + vy (31)

o
5]

Intercept  Authority

a —0.037  —0.136
Oa 0.070 0.112 ¢

Fa 0.092 0.146 73

Go/On 1.305 1.310 )

Where o, is the OLS SE and &, is the adjusted OLS SE
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