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Pur pose of the Mde

Wth this nodel you estimate effects of L-1 predictors while
controlling for L-2 context. The L-2 context is assunmed to have
random effects. W wll have no predictors at L-2. But we wll
control for L-2 differences on the nean outcone.

A typical ANCOVA Such a nodel can answer the follow ng question:

Does an individual -1 evel predictor have a
significant inpact on pooled w thin-unit outcone
scores, after | control for group context?

Here, you focus primarily on the inpacts of the individual-Ievel
predi ctor.

For exanple, in a sanple of police officers fromdifferent police
departnments you find effects of officer age on cynici sm about
police work, to take a Ni ederhoffer type exanple. Does such an

i npact hold up after | control for inpacts of different
departnment contexts. Context m ght "wash out” an individual |evel
effect if average departnent ages vary significantly.

HLM Equati ons

From B&R p. 19:

Level 1. YIJ =B0J + B1J(XIJ - X..) + RJ Eq. 4.01
Level 2: B0OJ = GO0 + UOJ Eq. 4.02
Bl1J = GlO Eq. 4.03
Conbi ned nodel :
YIJ = Q0 +GLO(XIJ - X..) +U0J + RIJ Eq. 4.04

! For a pretty decent introduction to ANCOVA, see Bl al ock
(1979) Social statistics (Rev. 2nd ed.), Chapter 20.
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The sane nodel applies for nore than 1 L-1 predictor; we just
have additional versions of Eq. 4.03. For exanple:

G20
G30

B2J
B3J

and so on.

Notice the follow ng features about these nodels.

# Each L-1 predictor has been centered by the grand nmean. W
do this, | think, because we are not going to be allow ng the
sl ope for the predictor to vary, and because this is what happens
in "classic" ANCOVA

# The true outconme nean for each group (BOJ) has only a
random effects predictor: the unique effects of each different L-
2 unit (U0J). We include no fixed effect predictors.

# W are NOT allowng the slope on the L-1 predictor (BlJ)
to vary at all. If we are not allowng it to vary we are
constraining the variance of Bl1J, i.e., the variance of T1l, to
zero. Conceptually, we are saying that the effects of our L-1
predictor (e.g., age) are the sane in every L-2 unit.

In OLS regression, this assunption is called "honogeneity of
regression.” It is something we can test enpirically with HLM
and see whether or not it is actually warranted.

# The variance of RIJ (sigma squared) is residual, pooled,
Wi thin-unit variance, after controlling for the effects of X1.

# The variance of U0J (TOO) is unconditional.

Look at the attached printout. The outcone exam ned here is @1,
the respondent’s perceived chances of being attacked in his/her
nei ghbor hood. Respondents are the 870 M nneapolis-St. Pau
residents interviewed around 24 snmall commercial centers in 1982.
Scores on the outcone range fromO (no chance) to slight (1),
fair (2), to good (3). The predictor used is age, |ogged, then z
scor ed.

| nterpret:
- D0 (careful here!!l)
- reliability
- each fixed effect and the associ ated hypot hesis test
- Chi square test of TOO
- variance of RIJ
- can you estimate the residual intraclass correlation?



ONE WAY ANCOVA W TH RANDOM EFFECTS AND LEVEL 2 COVARI ATE(S)

A nodest el aboration of the nodel allows the introduction of
Level -2 covariates. So now t he equati ons becone:

Level 1: same as Eq. 4.01
Level 2: BOJ = 00 + GOL(W) + U0J Eq. 4.05
B1J = GlO Egq. 4.06

Conmbi ned npdel :
YIJ = Q00 + QOL(W) + GIO(XIJ - X..) + U0J + RIJ Eq. 4.07

Substantively, you nmay have either a L-1 predictor as your

central neasure of interest, and a L-2 predictor as a covari at e,
or vice versa. For exanple, you mght want to see the effects of
age on perceived risk, controlling for levels of crine, using the
crime stratification variable. O you mght be interested in the
effects of neighborhood crinme, as stratified, on perceived risk
controlling for respondent age.

Wth this el aboration

# Note how your interpretation of (0 changes yet again,
because you have nore predictors (Renmenber: an intercept always
tells you about Y when all Xs, however many of themthere are,
are at O.

# U0J has been residualized with respect to W your L-2
predi ctor. The change in TOO tells you how nuch Whas reduced it.



