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Analyzing Intervention Effects:
Multilevel & Other Approaches

Joop Hox
Methodology & Statistics, Utrecht
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Simplest Intervention Design
Random assignment
X Ye Experimental +
/ Control group
R

Analysis: - test

Fenons

Better Design: Have Pretest

Random assignment

Y X Yo Experimental +
Control group
Pretest + Posttest

Why Better?
Analysis ?
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Why is Pretest/Posttest Better?

Much larger power

But depends on analysis

Imagine
effect:
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Analysis Possibilities

Covariance analysis .

(ancova) %
highest power s ya

t- Test on ) Ve
difference scores e
less power w
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Interaction in 2-way e I
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(manova) less power —_
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How Much Power?

Example: assume posttest only

Effect size is medium: Cohen’s d = 0.5
Sample size is 25 + 25 = 50

Alpha = 0.05, test is two-sided

Power of ¢- test is 0.41
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How Much Power?

Example: assume pretest-posttest
d=0.5,N=25+ 25=50, a =0:05
Power depends on correlation pretest-
posttest, which is typically high
Assume r = 0.3 (Cohen: medium)

» Power of ancova - test is 0.46
Assume r = 0.5 (Cohen: high)

» Power of ancova - test is 0.55

E

3
i
\

i e W

5

d

How Much Power?

Same example: pretest-posttest, r= 0.6
Power of ancova - test is 0.57

Power of ¢- test on difference scores
(assume equal variances) is 0.49

(- test on posttest was 0.41)

d

How Much Power?

Same example: pretest-posttest, r= 0.6
Power of ancova - test is 0.57

Power of interaction test in manova
(interaction pre/posttest with exp/con)
is 0.49

(- test on posttest was 0.41)




PR =
How Much Power?

Power of ancova - test is 0.57

Power ¢ - test on difference scores 0.49
Power of interaction test in manova 0.49

Same hypothesis is tested, thus power is
in general about equal

But difference scores much simpler
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5 Still Better Désign:
Have Pretest and Two Posttests

7,

g

First posttest
Vil N Yo ?mmediat_ely after
intervention: effect
Second posttest much
later: retention

ki

Y ==X Y
i 2e it Best analysis:

covariance analysis on
posttests, separately
or simultaneous

Why Multilevel Analysis?

If your data have a grouping structure
» Interventions in organizations

» .g. anti-smoking campaign in school
classes, intervention done at class level

If you have a panel design with
substantial dropout
» It is not unusual to loose 25% at each wave




If Data Are Grouped

Assume t-test, with natural groups Significance test
(e.g. compare tv!’o intact schools)  very biased !

Dependence givn ",’ ,acl
3 ’T— Mger!
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Fagmal =

n&r
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If You Have Panel Dropout

SPSS ancova & mp
by casewise dele

» Cases with missing
Minor disadvantage:

Major disadvantage: assu
completely at random

completely random:
do you really
believe that?

o \dropqlit is

= 14
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Why Multilevel Analysis

If your data do not have a grouping
structure

If your longitudinal study has negligible
dropout

» Say at most 5% (Little & Rubin, 1987)
Multilevel analysis has no advantages

Use (m)anova with pretest as covariate
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Example Intervention Data

Experimental/Control group
Pretest/Posttest: N = 2x25, r= 0.6

Part of data file:

id group expCon pretest posttest diff
1 1 1 1 &7 B3 4
2 2 1 1 66 B9 3
3 3 1 0 66 a5 -12
4 4 1 1 46 568 11
] 5 1 0 48 a1 3
B B 2 0 65 B0 5
7 7 2 1 37 42 )
B 8 2 1 38 39 0
g 9 2 1 a7 53 4
10 10 2 1] 40 45 5
file: example.sav 11 11 3 o B5 &1 4| 16
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Anova on Intervention Data
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Covmitels) ' Compars main effects
WS Wbt Drglay )
ol e e )
ux| Ew] Bowet cu-ed| Hw| I Obssrvad pomer I Besdus plet
I Powamwger netimates ™ Lsckod it
|°._ !',_ n. "ﬂ_ .17. ™ Cgr i ) r v
? :j o i;j :ﬂj 55— Conlence heral e 5%
i —— (] ) o)

by

bAg. .

S

Anova on Intervention Data

SPSS - output:

Tests of Between-Subjects Effects

Dependent Yariahle: POSTTEST

Type (Il Gum Moncent.  Observed
Source of Sguares df Mean Square F Sig. Parameter Powef
Corrected Model 2040.500° 2 1020280 15.609 oo 3n.219 599
Intercept 936.0945 1 936.055 14321 oo 14321 960
PRETEST 1728.000 1 1728.000 26.438 000 26438 959
EXPCON 312500 1 312500 4781 034 4781 572
Errar 3072.000 47 65.362
Total 142025.000 a0
Correcied Tolg £112.500 49

a. Computed using alpha = .05
bR Sguared = 388 (Adjusted R Sguared = 374)
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However ...

If your data have a grouping structure

and / or

If you have a panel design with
substantial dropout

You need multilevel analysis!
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Multilevel Data
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Three level data structure

Groups at may have different sizes
Response variable at lowest level
Explanatory variables at all levels
Model assumes sampling at all levels

P

WLongitudinaI Data As Multilevel
x X x ¥ & &
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0t 12 3l t2 t3 0 t1 12 t3 t0 3 t4 0 12 t3 4 ) tl t3 4

Six persons measured on up to four occasions
» Levels are occasion level, and person level

We can mix time variant (occasion level) and

time invariant (person level) predictors

Note that missing occasions are no problem




k"? The Multilevel Regress’ion‘ModeI:u :
the Lowest (Individual) Level

Ordinary regression, one explanatory variable X:

s Y, =By + B X + e

* [, intercept, B, regression slope, e, residual error term
In multilevel regression, at the lowest level:

= Y, =By + By Xyt &

+ B, intercept, B,; regression slope, e; residual error

+ subscript i for individuals, j for groups

» each group has its own intercept coefficient By

+ and its own slope coefficient By;
Intercept and slope coefficients vary across the
groups, hence the term random coefficient model

b"?# The Multilevel Regress’ion'ModeI:u :
the Second (Group) Level

At the lowest level:

X Yu = Bm aE BU Xu‘ a5 eu

» Intercept and slope coefficients vary across the groups
We predict intercept and slope with a second
level regression model:

* By = Yoo * Yo1 Z; + Uy

* By = VYio T Yu £ + Uy

* Yoo @nd Yy, are the intercept and slope to predict B,

from Z; ;, Ug; the residual error term

* Yjo @nd y;, are the intercept and slope to predict B,

from Z; ., Uy; the residual error term

5, with

Coefficients y do not vary across groups

PX The Muttilevel Regression Model:~ -
Single Equation Version

At the lowest (individual) level we have
> Y, =Py + By X; + &

and at the second (group) level
* By = Yoo t Yor £ + Uy
* By =Yio+t Y +uy

Combining (substitution and rearranging terms) gives

* Yi = Yoo + Yio Xy + Yor £ + Vur X + U X + U + €

Looks like an ordinary regression model with
complicated error terms




k"t The Multilevel Regress’ion‘ModeI:u :
Single Equation Version

Yi = DYoo + Vio Xi + Yor 2 + Var ZX] + [uy; X;; + Uy + €]

&
T 5

This equation has two distinct parts

* [Yoo * V1o Xi + You Z; + i1 ZX;] contains all the fixed
coefficients, it is the fixed part of the model

* [u; X; + uy + e;] contains all the random error terms, it is
the random part of the model

Plus:

* The cross-level interaction ZX;; results from modeling the
regression slope B,; of individual level variable X;; with the
group level variable Z;

» the error term u,; is connected to X;;. Thus the residuals are
larger for large values of X;, implying heteroscedasticity

b?,,. The Multilevel Regression Model:~ -
Interpretation

Yi = DYoo + Vio Xi + Yor Zj + Var ZX] + [uy; X + Uy + €]
Fixed part is an ordinary regression model
Complicated error term: [u; X;; + uy; + &;]

Several error variances
* 0.2 variance of the lowest level errors e;
% 0y variance of the highest level errors uy,
* 0y, variance of the highest level errors u;
0y covariance of uy and uy;
Note: oy, 0;, and oy, also interpreted as
(co)variances of lowest level coefficients B;

26

P The Multilevel Regression Model:- -
Estimation

At the lowest (individual) level we have
» Y, =By + By X; + €

and at the second (group) level
* By = Yoo T+ Yor Zj + Uy
* By = VYio + Y1 Zj + Uy

Maximum Likelihood (ML) estimation
» Gamma coefficients, standard errors, p-values
* Variance components 0,2 and 0y, Oy, Oy
* (significance of (co)variances in %)
» Model deviance




T Data Structure =
Multilevel Regression Model

MLwiN & most other software
» All data in one single file

» Levels identified by identification numbers
= school number, class number, pupil number

HLM
» Separate file for each level
» Reads SPSS, SAS, EXCEL & other files

Note: SPSS 11.0 mixed model module
is seriously flawed, do not use

= BT, n
7 14 ] 3 — 5
y [ S 5
Preparing Data for MLwiN
Group and IndIVIdua| id group 2xpoon pretest posttest
1 1 1 1 &7 B3}
identification numbers z : ! ! = g‘gi
Regression constant ! : ! ! i =
computed in SPSS [ B 2 i &% &0
7 7 2 1 37 42
» const = 1 i E] 2 1 £ E
ey El El 2 1 57 53)
» (not visible here) T T 5 5 - -
Write data out as _— J .
fixed ascii -file =20 ] |
15 15 3 1 48 @I
16 16 4 1 48 B}
17 17 4 1 42 B67]
18 18 4 0 48 B4
13 19 5 0 50 47|
20 20 5 1 53 50}

P N = =
Porting Data to MLwiN

Write data out as fixed
ascii -file i s K 15| & & [mml
» Using Save As
» Save gives all variables
Or Pasteinto syntax T~
window and replace-a// — f\ :
with list of variables P e |—|w 1
» WRITE OUTFILE = — —
'd:\Joop\intervention\example.dat' fean .,IHJM,: = —; ﬁl
» TABLE /id group expcon pretest E"'ff I b il
posttest const . 5 > ; 07
» EXECUTE. | ELT
:u!_ - dd
62 =2

10
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Start MLwiN & Input Data
Under File open fixed ascii file
s Specify columns = # of variables
» Specify location & file

_ setect asi tet il for input 2[x]
ELSAT i N e e | e

Columns Im <6

File Browse I~ Formatt

[E]15av ' intervention sav
2sav (] itz dat
1) Analying Intervertion Efects.pt 2] intmla.ws

(1] Pa git
oK | PHep |
ait
Fie pame: — [example dat Open
Files of typez | all files %) - Cancel

I Open as readonly

S
<

7
k!

. > -~

MLWiN: Next

)
I

Nothing seems to happen
» Click on Data Manipulation to assign names

Calculate

Hames
Wiew or edit data

Assigning names to columns is important
» cl=person, c2=group, c3=expcon,
c4=pretest, c5=posttest, c6=const

i N = =.
MLwiN: Next

1 Names _ (O] x|
3 |expcon |_l\| I Refresh I Categories I 2 Help |
1
Hame n missing min max s
1 person 50 ] 1 50 '
2 group 50 L] 1 10
3 X 0 0 1
4 c4 50 L] 35 76
5 ch 50 L] 28 70
6 cb 50 L] 1 1
¥ cr L] L] L] L]

Select column to assign hame

» Type name in textbox, next hit Enter or click
on unmarked button
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MLwiN: Next

Go to Model, open Equations window

W MLwiN
File Edit Options | Model Estimation  Data Manipulatid

| Mare | Sto M
tain Effects and Interactions

A N

Which produces this:

» The Equations window y~NXB )
is where we specify _

the model il

B%  The Equations Window:
Heart of MLwiN

Specify the outcome variable
Specify the variables that identify levels
Add predictors

» Including the regression constant
Specify which 1st level predictors have
random (=varying) regression
coefficients across level 2 units

» Including the regression constant
= Almost always random at all levels

b?y Specify-Qutcome & Levels

M Equations — 3| x|
shg N(YB )
¥y = )BDXD &. Y variable

. ¥ [none] b1

| Fonts | Subs | Hame | + | —M lelm| gslimates| NonlineaII?Help| Clear

12



h’-‘? Specify Constant as 15t Predictor

=1 Equations

posttest,, ~ N(XE, )
posttest, =ﬁnx[;€

=
constant
& always
[~ varies at
positest, ~ N{XZ, \%‘I@y
osttest, = g, coll™* b
P ! __’:a’ , 2] Fixed Porometes 2%
By =Bo " 4o " G gy } indicate variation g
Elpemesi T 100 ™
o] “NO O e 1am 2 |
Forts  Subs | Name Done | >

hings to doin-the Equations Window
2 Equations J [l P
posttest, ~N{XB, Q) =
posttest, = gy.const

oy =Bty tey
[ 5000 2 ] ;
] 7020 0[]

Fonts | guth Name L' \ - |Ad.g_=m\ Estimates) 1onfincar | 4P Help| Clear

show names show add \\ show

random part predictors estimates
not symbols

X" Things to da:in_the MIEWIN Window

Fenn

. MLwiN - D:\Joop\intervention‘example. ws

File Edit Options Model Estimation [Data Manipulation Basic Statistics  Graphs

Start | More | Stop | |55 \ \ E stimation
—f—‘—‘—‘—ll I \ \ contiol..

s’cart s stop' complicated :\ like SPSS\ specify
estimating RTFM compute & estimation
recode method

Logical order in analysis of grouped (multilevel) data
Only constant
Add 1st level predictors, then add 2nd level predictors, etc...
Specify varying coefficients

13



D Start-Computations .

As by magic ..., estimates appear

» Constant plus the two variance components

» The intraclass correlation is (0,/(0;,+ 0.2))

» Here (25.79/(25.79 + 78.04) = 0.25

= 25% of variance at group level
3 Equations M=
posttest, ~ N(XB, ) -
posttest; = g,,const
froy =52.870(2.043) +ay +ep,

[ig] ~NO Q) QL= [25.787(18.919) ] o

[ra] "N Q) 2= [78000(17.440)] i\{i\;f'l

4 T R

Fonts | Subs | Mame | + | - | Add Term |Estimates)| Honlinear ?HEIP Clear T

uok

= EZC,

-1

R

Feon

Multilevel Analysis

Add predictor variables Vi
» Assess significance f ?
» Like usual multiple regression ﬁ;,wl,

BUT <5
1st level predictors may have regression ‘
coefficients varying across groups
Interesting hypothesis: is intervention

N,

Y
\ T
A ——

s
’-‘i""'

effect constant across groups? J ')
» If not: which group variables explain ‘ l"“{
differences in intervention effect? [ \

i

oot
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Back to Longitudinal Data
X X xo¥ 5 g
NERINRRREBRERERR

0t 12 3l t2 t3 0 t1 13 t3 t0 3 t4 0 12 t3 4 w0 tl t3 4

Six persons measured on up to four occasions
» Levels are occasion level, and person level

We can mix time variant (occasion level) and

time invariant (person level) predictors

Note that missing occasions are no problem

42




=
{xstudent 1
studeat | sex | highapa | apat [ ana? | na3 | anet [ anss [ apss [1om1 b2 jobs [jobs [ joks ot
1 1 2 28 23 21 an i an 13 2 2 2 2 2 2
2 2 25 !J- !5- !6- !6- 'JU- !6- !- 3 2 2 2 2
3 1 2 25 24 29 an 28 13 14 2 2 2 3 2 2
_l L Jﬂ. !5. !r'. !l. !r'. !‘J. !r'. 'J. 2 2 2 2 2
5 5 1 n 28 28 28 an 29 a 2 2 2 2 2 2
(] & 2 29 25 24 24 23 7 28 2 3 3 2 3 3
7 7 1 23 24 24 28 26 an an 3 2 3 2 2 2
B 8 2 9 28 28 kA 33 33 ER) 2 2 2 F 2 2
a 9 1 20 28 27 27 a a s 2 2 3 2 2 2
m 1w 28 28 28 0 a7 0 0 2 2 2 3 2 2
1 1] 2 a3 26 29 a2 6 6 kl:] 2 3 2 2 2 2
i 2 2 29 26 0 23 29 kAl 33 3 2 2 2 2 2
17 13 1 Er) 28 a s 6 kL] kL] 2 2 2 2 2 2
" 4 2 % 24 0 29 0 33 ER ) 2 2 2 2 2 2 5

B% " Typical Longitudinal Data File, - -
Prepared for Multilevel Analysis

1mtudent |

e |

Ele Edi Seach Help Jloccasion] [Tgse
1 8 2.3 2228 1 | ! -
1 1 2.1 2228 2 1 2 21
1 2 3.8 2228 —
1 3 8.8 2228 s ! : i
1 4 3.8 222.8 A ) P a0
1 5 3.3 2228
2 8 2.2 2125 5 1 5
2 1 2.5 3125 o ; B -
2 2 2.6 2125 [ }
2 3 2.6 2125 T 2 1 22
2 4y 3.8 2125 —G | 5 Se
2 5 2.8 2125
3 @ 2.4 2225 - -
g ; gz 5 3 gg Multilevel longitudinal data file as raw data and
3 3 2.8 3225| asSPSSfie
3 4 3.3 2225

SPSS file useful for preliminaries: inspect
distributions, outliers, exploratory analyses

44
T ] e
P - 3 B
Intervention Data File
ident expcon pretest posti post2
1 0 35 37 38
2 0 58 47 44
3 0 41 37 42
4 1 43 48 39
5 1 43 40 32
B 0 39 37 26
7 0 B2 45 40
Person Identification, Exp/Con group, 1
pretest, immediate posttest, follow-up posttest
45
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Write raw data to
interventionflat.dat

Creating the Multilevel

Longitudinal Data File

organ ident EXpCOn pretest post] post2
SPSS-file 1 1 1 0 3 E E2
intervention.sav z ! 2 o kL o 4
3 [ 3 0 41 7 2
In SPSS: make 1 . ; o = = =
¢ M e —
sure each variable —g_ Fle Edi View Andee Graphs Uiites Run Window Help
has enough g EEEERENEE )
columns |__Bl ["WRITE QUTFILE=D:\Jooptintenentioriinterventionfat. dat' TABLE /
P 9 organ ident 0 "pretest '1' "0 "0 " expcon /
No SyStem mlSSlng g organ ident "1 "post! '0°" "1" '0 " expcon /
values but explicit [T EXECUToErgan ident *2*past2 ‘0" 0" 1 expcon
missing data code ™12 -

Data are read back in SPSS in free
format (variables separated by

spaces) in ‘new’ data layout

Saved in SPSS file interventionflat.say

Creating the Multilevel

Longitudinal Data File

Data are read back in SPSS in free format (variables
separated by spaces) in ‘new’ data layout

Saved in SPSS file interventionflat.sav

ident occ test pre post1 post2 expcon
1.00 1.00 35.00 1.00 oo oo 0o
1.00 2.00 37.00 oa 1.00 oo i)
1.00 3.00 38.00 uli] .on 1.00 .0
2.00 1.0 £onn ER) nn nn nn
5%

Wiew Analyze Graphs Uliities Bun Window Help

(08| B | Db 8] |25 |

=1 E%=1 K== S =) ) N R T

200 File Edit
3.00
3.00 ; 5
data list file 'D:\oophinterventiominterventionflat. dat’ free/
300 ident oce test pre post] post2 expcon
i 4.00| | execute.

Creating the Multilevel
Longitudinal Data File

Remove in this file all ‘cases’ ( = occasions) that have a
missing value on ‘test’ ( = missed occasion)

Write remainder to raw data file, transport to MLwiN
Male levels: 1st = occasion, 2" = person (ident)
Dummies for pretest & 2 posttests

Effect of ‘expcon” modeled as interaction with postl or
post2 dummy

ident occ test pre post1 post2 expoon
1 1.00 1.00 35.00 1.00 [i]] 00 [iJ]
2 1.00 2.00 37.00 0o 1.00 oo 0o
3 1.00 3.00 38.00 0o ) 1.00 i)
4 2.00 1.00 53.00 1.00 00 00 00
5 2.00 2.00 47.00 0o 1.00 00 [i]]
5] 200 3.00 44.00 0o i) 1.00 i)
()i} 100 41,00 100 )i} 00 0o 4

16



h’-‘f:-; Creating the Mulfilevel =
Longitudinal Data File

Note: effect of ‘expcon’ modeled as interaction with postl
or post2 dummy means less power

Just as in manova
But testscore may be missing at any occasion

Alternative (pretest as covariate) only fesible if both
pretest and posttest1 virtually no missings

Which does happen ...

ident occ test pre posti post2 expcon
1 1.00 1.00 35.00 1.00 oo o0 oo
z 100 200 Fm 0 K] o ]
El 1.00 300 ®mm 0 [ .00 i
4 2.00 1.00 £8.00 1.00 oo o0 oo
5 2.00 2.00 47.00 a0 1.00 o0 oo
5 200 300 4400 0 i .00 00
7 200 100 4100 100 0 il il 3
e BT 5
EF°E - A i ey
Vs Usual-Longitudinal S

Multilevel Analysis

Baseline model always includes
occasions as linear predictor or series of
dummies

» Check for autonomous shift over time
Add covariate ‘expcon’ as interaction
with ‘postl’ and / or ‘post2’ dummy

» We may add covariate ‘expcon’ as

interaction with ‘pretest’ to check initial
equality of groups

50

Remember ...

If your data have a grouping structure
and / or

If you have a panel design with
substantial dropout

You need multilevel analysis!

17



Because ...

SPSS ancova & mp
by casewise dele
» Cases with missing
Minor disadvantage:
Major disadvantage: assu
completely at random

completely random:
do you really
believe that?

dropaiit is
) |
J |
AN
¥ N
L _

d

[~
3
i
\
i ue W

7
!

Just to Hammer it in ...

The advantage of multilevel
models in pretest - posttest
designs
Is the softer assumption of
missing at random (MAR)
Instead completely at
random (MCAR)
MAR is plausible if dropout can be predicted from
available variables

Including the pretest!

[

oK ...

Let’s get moving!
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