
EdPsy/Psych/Stat 587
Spring 2019
C.J. Anderson

SAS: Homework 4
Answer Key

1. (10 points) For models (n) – (v) that you fit to the TIMSS data in computer lab 2,
write out the equation of the model in each of the following ways:

(n) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + U0j

β1j = γ10

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j

where U0j ∼ N (0, τ 20 ) i.i.d and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij + γ01(grpMmath)j
+U0j +Rij

Marginal model : (science)ij ∼ N (µij, (τ
2
0 + σ2)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij + γ01(grpMmath)j
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(o) Since type of community is a discrete and nominal variable, we’ll need 3 dummy
(or effect) codes for this variable. I’ll use dummy codes defined as

(isolated)j =

{
1 if isolated
0 otherwise

(rural)j =

{
1 if rural
0 otherwise

(suburb)j =

{
1 if suburban
0 otherwise

Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j

where U0j ∼ N (0, τ 20 ) i.i.d and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+U0j +Rij

Marginal model : (science)ij ∼ N (µij, (τ
2
0 + σ2)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j
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(p) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10 + U1j

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j

where (
U0j

U1j

)
∼ N

((
0
0

)
,

(
τ 20 τ01
τ01 τ 21

))
i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+U0j + U1j(grpCmath)ij +Rij

Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

var(Yij) = τ 20 + 2τ12(grpCmath)ij + τ 21(grpCmath)
2
ij + σ2
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(q) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10

β2j = γ20

β3j = γ30

β4j = γ40 + U4j

β5j = γ5j

where (
U0j

U4j

)
∼ N

((
0
0

)
,

(
τ 20 τ04
τ04 τ 24

))
i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+U0j + U4j(hours TV)ij +Rij

Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

var(Yij) = τ 20 + 2τ04(hours TV)ij + τ 24(hours TV)2ij + σ2
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(r) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j + U5j

where (
U0j

U5j

)
∼ N

((
0
0

)
,

(
τ 20 τ05
τ05 τ 24

))
i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+U0j + U5j(hours computer games)ij +Rij

Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

var(Yij) = τ 20 + 2τ05(hours computer games)ij + τ 25(hours computer games)2ij + σ2
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(s) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10 + γ11(grpMmath)j + γ12(isolated)j + γ13(rural)j

+γ14(suburb)j + U1j

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j

where (
U0j

U1j

)
∼ N

((
0
0

)
,

(
τ 20 τ01
τ01 τ 21

))
i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij
+U0j + U1j(grpCmath)ij +Rij

Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij

var(Yij) = τ 20 + 2τ01(grpCmath)ij + τ 21(grpCmath)
2
ij + σ2
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(t) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10 + γ11(grpMmath)j + γ12(isolated)j + γ13(rural)j

+γ14(suburb)j + γ15(shortages)j + U1j

β2j = γ20

β3j = γ30

β4j = γ40

β5j = γ5j

where (
U0j

U1j

)
∼ N

((
0
0

)
,

(
τ 20 τ01
τ01 τ 21

))
i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij
+γ15(shortages)j(grpCmath)ij
+U0j + U1j(grpCmath)ij +Rij

Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij
+γ15(shortages)j(grpCmath)ij

var(Yij) = τ 20 + 2τ01(grpCmath)ij + τ 21(grpCmath)
2
ij + σ2
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(u) Hierarchical model :

Level 1 :

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij + β5j(hours computer games)ij +Rij

where Rij ∼ N (0, σ2) and independent.

Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j

+γ04(suburb)j + U0j

β1j = γ10 + γ11(grpMmath)j + γ12(isolated)j + γ13(rural)j

+γ14(suburb)j + U1j

β2j = γ20

β3j = γ30

β4j = γ40 + U4j

β5j = γ5j

where  U0j

U1j

U4j

 ∼ N

( 0
0

)
,

 τ 20 τ01 τ04
τ01 τ 21 τ14
τ04 τ14 τ 24


 i.i.d.

and independent of Rij.

Linear mixed model :

(science)ij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij
+U0j + U1j(grpCmath)ij + U4j(hours TV)ij +Rij
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Marginal model : (science)ij ∼ N (µij, var(Yij)) where

µij = γ00 + γ10(grpCmath)ij + γ20(gender)ij + γ30(grade)ij
+γ40(hours TV)ij + γ5j(hours computer games)ij

+γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + γ04(suburb)j

+γ11(grpMmath)j(grpCmath)ij + γ12(isolated)j(grpCmath)ij
+γ13(rural)j(grpCmath)ij + γ14(suburb)j(grpCmath)ij

var(Yij) = τ 20 + 2τ01(grpCmath)ij + 2τ04(hours TV)ij + 2τ14(grpCmath)ij(hours TV)ij

+τ 21(grpCmath)
2
ij + τ 24(hours TV)2ij + σ2

(v) Any model that you thought was “best”.
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3. (5 points) Does is appear that you need a random slope for grpCmath, hours tv,
and/or hours computer games? Explain your reasoning.

Things that could be said:

• It appears that we need a random slope for grpCmath because the τ̂ 21 tends to
be “large” relative to it’s standard error; whereas, the τ̂ 21 for random slopes for
the others are “small” relative to their standard errors.

• Among the models that are the same except for which variable has a random
slope (i.e., (m), (n) & (o)), model (m) with a random slope for grpCmath fits
the best (can look at −2LnLike or AIC.

• The following figures (at the end of the answer key) show that only grpCmath
appears to have different slopes over groups than the other possible explanatory
(micro) variables (not expected, but helpful to understand what’s going on).

• Anything that makes sense.

4. The variable grpMmath appears to be a useful predictors of the slope for
grpCmath (See model (t)). The cross-level interactions between grpCmath & type
of community and between grpCmath & don’t appear “significant”.

5. (5 points) My favorite model . . .

Note that I found in model (v), which is my favorite model of those that we fit, that
γ04, which was the fixed effect parameter for (suburb)j was not significantly different
from 0, so I recoded the data as

(isolated)j =

{
1 for isolated school
0 otherwise

(rural)j =

{
1 for isolated school
0 otherwise

If a school was urban or suburban, then (isolated)j = (rural)j = 0.

Level 1:

(science)ij = β0j + β1j(grpCmath)ij + β2j(gender)ij + β3j(grade)ij

+β4j(hours TV)ij +Rij

where Rij ∼ N (0, σ2) and independent.
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Level 2 :

β0j = γ00 + γ01(grpMmath)j + γ02(isolated)j + γ03(rural)j + U0j

β1j = γ10 + γ11(grpMmath)j + U1j

β2j = γ20

β3j = γ30

β4j = γ40

where (
U0j

U4j

)
∼ N

((
0
0

)
,

(
τ 20 τ01
τ01 τ 21

))
i.i.d.

and independent of Rij.

The parameter estimates are

Covariance Parameter Estimates

Standard Z

Cov Parm Subject Estimate Error Value Pr Z

UN(1,1) idschool 3.4325 0.5518 6.22 <.0001

UN(2,1) idschool 0.04390 0.02427 1.81 0.0705

UN(2,2) idschool 0.002514 0.001749 1.44 0.0754

Residual 50.9871 0.8733 58.39 <.0001

Fixed Effects Parameter Estimates

Students

grade Standard

Effect gender level Estimate Error DF t Value Pr > |t|

Intercept 14.6645 5.7815 143 2.54 0.0123

grpCmath 3.2725 0.3520 144 9.30 <.0001

grade 3 -0.8814 0.1943 6801 -4.54 <.0001

grade 4 0 . . . .

gender boy 1.2081 0.1714 6801 7.05 <.0001

gender girl 0 . . . .

hours_TV -0.1440 0.07249 6801 -1.99 0.0470

grpMmath 0.8974 0.03820 6801 23.50 <.0001

community (isolated) 3.9954 2.0066 6801 1.99 0.0465

community (rural) 0.9805 0.4766 6801 2.06 0.0397

community (urban & suburban) 0 . . . .

grpCmath*grpMmath -0.01792 0.002320 6801 -7.72 <.0001
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Summary/Interpretation: We find higher science scores for boys in the 4th grade who
have higher math scores relative to their peers, and those who don’t watch a lot of TV. Also,
we find higher science scores in schools that have high average math scores. Furthermore,
students in schools have the higher science scores in isolated locations, followed by rural.
There don’t appear to be differences between students in schools in urban & sub-urban
locations. Those with the lowest scores are from urban and suburban locations.

We can give a more detailed explanation and put the parameter estimates into the models.
For example,

̂(science)ij = β0j + β1j(grpCmath)ij + 1.21(gender)ij − 0.88(grade)ij − 0.14(hours TV)ij ,

where the estimates of the random parameters are

β0j = 14.66 + 0.90(grpMmath)j + 4.00(isolated)j + 0.98(rural)j

β1j = 3.27− 0.02(grpMmath)j .

• Science scores for boys are 1.21 points higher than those for girls.

• 3rd graders have science scores that are −.88 points lower then 4th graders (or scores
for 4th graders are 0.88 points higher).

• Science scores tend to be -.14 of a point lower for every hour of TV watched during
the week.

• Differences exist between schools.

– Interpretation of random intercept: Overall, students have science scores that are

∗ 0.90 points higher at schools where average math scores are 1 point higher.

∗ 4.00 points higher at isolated schools than at urban or sub-urban schools.

∗ 0.98 points higher at rural schools than at urban or sub-urban schools.

∗ The variance of the intercept over schools is 3.43 (standard deviation of
1.85)— this is how much unexplained variation there is between schools in
terms of the overall level of science scores.

– Interpretation of random slope: For a 1 unit increase in a student’s math scores
relative to their peers, the expected change in the student’s science score is
3.27− 0.02(grpMmath)j . If the student goes to a school with an average math
score that’s 1 unit higher, then the change in science score would be
3.27− .02 = 3.25. In appears that if a student has a higher math score relative to
their peers but that the school overall has lower average math scores, we expect
this student to have higher science scores.

This is an example where the micro and macro effects are in opposite directions.
If we use student math score (raw) or overall mean centered we get the slope for
math equal to (3.2725− 2.3751(grpMmath)j)mathij , which shows this opposite
micro/macro effect even more clearly. This seems to me counter-intuitive— any
suggestions or explanations?
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The unexplained variance between schools in terms of the effect of student math
scores on science scores is .002 (i.e., standard deviation of the slopes is pretty
small).

In the figures at the end of this answer key are plots of data. The plots of science scores
versus potential micro level predictors suggest that we need a random intercept. The
“flatness” of the lines in the plots for gender, hour TV and hours computer games look like
there may not be effects for these or if there are they are relatively small. The figure for
science scores versus math scores indicate that this may be a stronger effect (not positive
slope) and need a random slope.

On the last two pages, are plots of a sample of individual schools by math scores with best
fit regression line for that school drawn in. It looks like linear regression OK (within
schools). Can also see various differences between schools.

These plots and re-coding data are things that we’ll cover in computer labs to come. . .

6. (5 points) Where there any problems in estimating the new models or problems in the
solutions found by SAS? If yes, what was/were the problem(s)?

There was a problem: In the SAS/LOG for model (u):

NOTE: Estimated G matrix is not positive definite.

The matrix T̂ of estimated τ ’s,

Effect Intercept grpCmath hours TV

Intercept 3.1692 0.09551 −0.1607
grpCmath 0.0955 0.00231 −0.0167
hours TV −0.1607 −0.0167 0.1289

is not a “proper” covariance matrix. Note that:

• If we turn this into a correlation matrix, we get a “bad” correlation (i.e.,

r(intercept,grpCmath) = 1.000

Effect Intercept grpCmath hours TV

Intercept 1.000 1.116 −0.2514
grpCmath 1.1161 1.0000 −0.9678
hours TV −0.251 −0.9678 1.0000

• If this is a good covariance matrix then |τ01| ≤
√
τ20

√
τ21 , but we have

.0955 >
√
3.1692

√
.00231 −→ .0955 > .0856 BAD

• Bad model for the data.
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Using PROC GPLOT and GREPLAY
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