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ABSTRACT 
Individual growth models are designed for exploring long~udinal 
data on indIVIduals over time. PROC MIXED allows the growth 
parameters for each individual to be examined as random effects 
in the model. Individual-level covariates can be entered into the 
model as fixed effects to determine their impact on the dependent 
variable alone and in Interaction with the growth parameters. The 
structure of the variance-covariance matrix of the repeated 
measurements can also be examined and entered into the model. 
A model building exercise will be demonstrated using up to eight 
systolic blood pressure measurements of youths aged 7-22. 

INTRODUCTION 
Essential hypertension (EH) is a major risk factor for coronary 
heart disease, which remains the leading cause of death in the 
USA. Prior to middle age, the prevalence of EH in African 
Americans (Ms) is approximately twice as in European 
Americans (EAs), and EH-related mortality rates are 10 times 
higher in AAs compared to EAs. 

The early natural progression of the development of high systolic 
blood pressure (SSP) from childhood to adulthood within the 
context of ethnicity and sex is not completely understood. A 
better understanding might contribute to a better identification of 
people at risk and, in turn, lead to improved prevention of 
hypertension. 

This study evaluated the effect of sex and ethnicity upon the 
development of SSP over an eight year period. The ages of the 
children over this eight years ranged from 7 to 22 years. The 
data conSisted of 3187 records on 524 individuals (129 EA males, 
128 EA females, 122 AA males, 273 AA females). To be 
included in the analysis an individual had to have at least 4 out of 
8 possible SBP measurements denoted as WAVEs which are 
measurements taken a year apart. The frequency distribution of 
the number of measurements is seen in Table 1. Over half of the 
individuals had 7 or 8 measurements and this was consistent 
within the ethnicity-sex subgroups. 

Table 1 Measurement count distribution 
Number of SBP Frequency Percent 
measurements 

4 156 29.8 
5 37 7.1 
6 65 12.4 
7 140 26.7 
8 126 24.1 

Plots of mean SBP across AGE for the four ethnlcl!y-sex 
subgroups can be seen in the Appendix along with the AGE by 
WAVE frequency table. WAVE is positively correlated with AGE 
but they are not mutually exclusive. 

THE MODEL 
Individual growth models are used for exploring longitudinal data 
on individuals over time. Random effects or mu~ilevel modeling 
allows for investigation of two levels of variability of the response 
variable, SBP: within and between subjects. In longitudinal data, 
observations taken over time are nested within subjects drawn 
from some population of interest giving a two-level hierarchical 
structure. The variation of responses within subjects over time is 
at the lowest level (level one) and the variation of the underlying 
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mean responses between subjects is at level two (Singer, 1998). 
Measurements made on the same individual are correlated and it 
is this dependency that leads to the inadequacy of simple 
estimation procedures based on ordinary least squares. 
Sometimes in longitudinal data the interest lies as much in the 
covariance matrix estimates as in the average growth 
parameters. Using this technique allows us to examine both. 

UNCONDITIONAL GROWTH 
Unconditional growth for SBP was modeled as a function of age 
as a deviation from 15. Expressing age as a deviation from ~s 
mean reduces the multicollinearity between linear and quadratic 
regression coeffiCients if a quadratic model is shown to best f~ 
the data. The intercept and slopes are m as random effects 
which vary across subjects. 

Linear Growth 
The following SAS code Is used to fit an unconditional linear 
growth model: 

proc mixed noclprint cQvtest; 
class id; 
model sbp = age15 / solution ddfm=bw; 
random intercept age15 / sub=id type=un 

gcorr; 
run: quit; 

The NOCLPRINT option on the PROC MIXED statement 
prevents the printing of the CLASS level information giving the 
number of children involved in the analysis. THE COVTEST 
option tells SAS that you would like hypothesis tests for the 
variance and covariance components. 

The MODEL statement is used to indicate the fixed effects and 
the RANDOM statement is used to indicate the random effects. 
The ISOLUTION option asks SAS to print the estimates for the 
fIXed effects. The random effects, here the Intercept and the 
linear slope, are estimated within each subject and the variance 
components estimate the variation of the underlying mean 
responses between subjects (SUB=ID). The structure of this 2X2 
variance-covariance (V-C) matrix is unstructured (UN) and the 
GCORR option tells SAS to print the estimated correlation matrix 
amongst the random effects. 

Quadratic Growth 
Since the plots of mean SBP across AGE appeared to be 
curvilinear a quadratic model was applied to the data. The code 
is as follows: 

proc mixed noel print covtesti 
class id; 
model sbp = age15 agelS*age15 / solution 

ddfm~bw; 

random intercept agel5 agelS*agelS/sub=id 
type=un gcorri 
run; quit; 

The only addition is that of the quadratic age term both in the 
model and as a random effect. The dimension of the 
unstructured V-C matrix is now 3X3. 

Quadratic growth: V-C grouped by ethnic-sex subgroup 
The pattern across age for SBP appears quite different for the 
ethnicity-sex subgroups (see plots and tables in Appendix). The 



AA males show more Increase in SSP and much more variation 
in their SSP over time. The V-C matrix of the random effects for 
each individual quadratic growth curve was grouped by ethnicity 
and sex to see if these differences are significant. The similarity 
of the V-C matrix among subgroups was examined. Differences 
in the variance between members of the same subgroup might 
indicete sampling problems or an inherent difference between 
groups. 

The SAS code that groups the V-C matrix of the random effects 
of the intercept and slopes follows: 

proc mixed noclprint covtest; 
class id race sex; 
model sbp = age15 age15*age15 I solution 

ddfm~bw; 

random intercept age15 age15*age15/sub~id 
type~un gcorr group=race*sex; 
run; quit; 

RACE and SEX must be added to the CLASS statement and the 
GROUP=RACE*SEX option is added to the RANDOM statement 

Unconditional Growth Model Comparisons 
A likelihood ratio test (LRn for the significance of a more general 
model can be constructed if one model is a submodel of another 
by computing -2 times the difference between their residual log 
likelihoods (-2RLL). Then this statistic is compared to the chi­
square distribution with degrees of freedom equal to the 
difference in the number of parameters for the two models. 
Models are preferred where the -2RLL is smaller. Model 
comparisons can also be made using Akaike's Information 
Criterion (AIC) or Schwarz's Sayesian Criterion (SSC). In both 
cases, the model that has the largest value Is the preferred 
model. SSC penalizes models with more covariance parameters 
more than AIC so the two crneria may not agree when assessing 
model frt. 

Table 2 shows the estimates for the fIXed effects of these three 
models and Table 3 shows the comparisons between models for 
uncond~ional growth. A model wnh a random linear and 
quadratic effect provided a significantly better frt than the model 
w~h the random linear component alone based on all three model 
comparison methods. Adding a cubic component did not 
significantly improve the fit of the model (data not shown). 

Table 2. Unconditional Growth Model: Fixed Effect Estimates 
SE) 
Model InterceDt Age15 Age15< 
Linear 109.9 (.35) .92 (.06) -
Quedratic 110.3 (.37) .85 (.06) -.055 (.01) 
Quadratic: V-C 109.8 (.36) .80 (.06) -.058 (.01) 
arouDed 

The quadratic model that grouped the V-C matrilc on ethnic-sex 
subgroup provided a significantly better fit over the model where 
the where the V-C matrix was ungrouped (Table 3) although the 
estimates of the fIXed effects were similar for the two models 
(Table 2). 

Table 3. Unconditional Growth Model: Model ComDarisons 
Model Param AIC SSC -2RLL Chi-

square/ 
df 

Linear 3 -11014 -11022 22020 -
Quadratic 6 -10998 -11013 21982 38/3* 
Quadratic: 24 -10994 -11048 21940 42118 • 
V-C 
grouoed 

*p<.OOl 
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The variances for both quadratic models are shown in Table 4. 
When broken out into groups it can be seen that the variation in 
SSP growth between AA males, both in the average SSP at age 
15 and in the linear rate of growth, is much larger than the other 
subgroups. The between subject variation for EA males and 
females and for AA females appear similar. The covariances 
between the random effects are not shown but there is a 
significant positive correlation between the intercept and the 
linear slope showing that those with higher average SPS at age 
15 are also increasing at a faster rate across age. The 
correlation between the linear and quadratic slope coefficients is 
o. 

There Is variation in both the intercepts and the linear slopes that 
potentially could be explained by a level 2 (subject-level) 
covariate and this variation is different w~hin ethnicity-sex 
subgroups. The unconditional growth model where the V-C 
matrix of the random effects is grouped by ethniclty-sex is used to 
investigate the effects of covariates on SSP changes over time. 

Table 4. Unconditional Quadratic Growth Model: Variance (SE) 
of the Random Effects 
Model SubgrouD Intrcot Age15 AgelS< Resid 
V-C 60.4 .47 .010 37.7 
ungrouped (4.5) (.12) (,004) (1.2) 
V-C EAmale 47.8 .40 .005 37.6 
arouDed (7.4) (.21) (.007) (1.1) 

EAfemale 56.2 .37 .001 
(9.0) (.23) (.008) 

AAmale 100.6 .79 .020 
(15.2) (.29) (.011) 

AAfemale 43.1 .30 .020 
(6.3) (.22) (.010) 

ADDITION OF SUBJECT -LEVEL COVARIATES 
Models were considered that investigated the fixed effect of 
different covariates on SSP as well as whether the variation in 
intercepts and slopes of the individual growth curves was related 
to these covariates. When investigating different covariates it is 
best not to group the V-C matrix due to computational and time 
constraints. Once a covariate is shown to have a Significant 
effect then the V-C matrix can be grouped to show which 
subgroup, if any, was most effected by the addnion. 

Etlhnicity 
The code used to fit ethnicity in the model follows (AA is the 
reference group in the solution vector): 

proc mixed noclprint covtest; 
class id race sex; 
model sbp - age15 age15*age15 race 

race*age15 race*age15*age15 / solution 
ddfm=bw; 

random intercept age15 age15*age15/sub-id 
type=un gcorr group=race*sex; 

lsmeans race I pdiff; 
run; quit; 

The results are presented in Table 5. The interaction between 
ethnicity and the quadratic term is not included Since it was not a 
significant effect. 

Table 5. Addition of Ethniclty to the Quadratic Growth Model for 
SSP 

Ethnicity: AA is 
reference groUD 

Fixed Effect Estimates (SE) 
InterceD! 111.2 (.49) 
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~e15 .95J:O~ 
Agel5< -.055..1012) 

Covariate -3.1 (.66) 
Covarlate'Agel5 -.34 (.11) 

Random Effect Estimates (SE) 
Intercept: EA male 56·H9.~ 

EAfemale 44.9J7.~ 
AAmale SS.2..113.6) 

AAfemale 45.6..@.ID.. 
Agel5: EA male .51J:2-Q 

EA female . 21J:2!l 
AAmale .65J..2~ 

AAfemale .46 (.25) 

There is a significant mean SBP difference due to ethnicity. The 
average SBP at age 15 is 10S.1 for EA and is 111.2 for AA. 
There is also a significant interaction between ethnlcity and the 
linear age coefficient where the rate of increase in SBP across 
age is .61 mmHg/year for EA and .95mmHg/year for AA. The 
variation in the intercepts and slopes was Slightly reduced for EA 
females (15%) and AA males (12%), slightly increased for EA 
males (18%), and unchanged for AA females. Adding ethnicity to 
the quadratic growth model helped the estimation of the curves 
for EA females and AA males. 

Sex 
The code used to fit sex in the model follows (Female is the 
reference group in the solution vector): 

proc mixed noclprint cQvtest; 
class id race sex; 
model sbp ~ age15 agelS'age15 sex sex*agel5 

sex*age15*age15 I solution ddfm~bw; 
random intercept agelS age15*agel5/sub~id 

type=un gcorr group=race*sex; 
lsmeans sex I pdiff; 

run; quit: 

The results are presented in Table 6. The interaction between 
sex and the quadratic term is not included since it was not a 
significant effect. 

Table 6 AddHion of Sex to the Quadratic Growth Model for SSP 
Sex: Female is 
reference_group 

Fixed Effects Estimates (SE) 
Intercept 107.6..144) 

Age15 .3UOS) 
Age15' -.053 .011) 

Covariate 5.1 .64) 
Covariate'~eI5 .90 .10) 

Random Effects Estimates (SE) 
Intercept: EA male 46.5 (7.3) 

EAfemale 42.6 (6.1ll 
AA male 79.002.0\ 

AAfemale 47.2 {1.0) 
Agel5: EA male .36..121) 

EA female . 09..1 IS) 
AAmale .46..123) 

AAfemale .IS..121) 

There is significance due to the main effect of sex where the 
average SSP at age 15 for males is 112.7 and for females is 
107.6. There is also a significant difference in the rate of SSP 
change across age where males increase at 1.2SmmHg/year and 
females at .3SmmHg/year. The addition of sex to the model 
resulted in a reduction in the intercept variance for EA females 
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(24%) and AA males (20%) while this variance was unchanged 
for EA males and AA females. The variation in slopes was 
greatly reduced between EA females (76%), AA males (42%) and 
AA females (40%) and relatively unchanged between EA males. 
The addHion of sex to the quadratic growth model helped the 
estimation of the curves for all subgroups except EA males. 

Maximum Household Education 
The maximum education level attained by either the mother or 
the father of the child was used to try to assess socioeconomic 
status. This variable was coded as LOW for those whose 
parents had a high school or less education and HIGH otherwise . 

The code used to m education level in the model follows (Low 
parental education is the reference group in the solution vector): 

proc mixed noel print covtest; 
class id race sex edt 
model sbp ~ age15 age15*agel5 ed ed*age15 

ed*age15*agel5 I solution ddfm~bw; 
random intercept agel5 agel5*age15/sub~id 

type-un gcorr group=race*sex; 
Ismeans ed I pdiff; 

run; quit; 

The results are presented in Table 7. The interaction between 
education and the quadratic term is not included since it was not 
a significant effect 

Table 7. Addition of Maximum Household Education to the 
Quadratic Growth Model for SBP 

Education: LOW is 
reference gro~ 

Fixed Effects Estimates (SE) 
Intercept 110.9 (.62) 

Age15 1.0S (.10) 
Agel5' -.056 (.011) 

Covariate -1.5 (.72) 
Covariate'Agel5 -.40 (.12) 

Random Effects Estimates. (SI;1 
Interce~ : EA male 47.4 (7.4) 

EA female 55.9 (9.0) 
AAmale 98.7..115.0) 

AAfemale 43.1 (6.4) 
Age15: EA male .39 (.21) 

EAfemale .39 (.22) 
AAmale .69 (.2S) 

AA female .31 (.22) 

Those subjects whose parents had achieved a level of education 
beyond high school had a slightly lower average SBP at age 15 
(109.4) and lower rate of SBP increase across age 
(.6SmmHglyear) than those whose parents had a lower level of 
education (110.9 and 1.0SmmHg/year, respectively). The 
variation in intercepts was unchanged for all groups by the 
addition of maximum household education. The linear slope 
variation was unchanged for EA and AA females but was slightly 
reduced, and therefore aided the slope estimation, for EA (17%) 
and AA (13%) males . 

Full Model 
We then looked at the effect of ethnicity, sex and education 
together on SBP growth. Height in centimeters centered at the 
mean of 150 (HTCMI50) and BMI centered at Its mean of 30 
(BM130) were included in the model to control for differences in 
growth and adiposity. It was thought that some of the ethnicity 
and sex differences might be due to these factors. The parameter 



estimates and the random effect variances are shown in Table 8. 

Table 8 Full model 
Fixed Effect 

Estimates (SEl 
Intercept 109.31.81\ 

Age15 .29 .13l 
Age15" .034 .016) 

Ethnicity • -3.2 .60 
Sex" 2.4 .55 

Education ... -1.1 .64 
Ethnlclty"Aae15 -.41 .10 

Education"Aae15 -.35 .11 
HTCM150 .16 .03 

Sex*HTCM150 .14 .02 
SMI30 . 30 .04 

Random Effects 
Estimates (SEl 

Intercept: EA male 33.6 5.5 
EAfemale 33.5 5.5 

AAmale 65.2 9.9 
AAfemale 44.6 6.6) 

Aae15: EA male .16 (.18 
EAfemale . 10(.17 

AAmale . 55 (.25 
AAfemale .221.20 . AA IS the reference group 

-Female is the reference group 
-Low parental education is the reference group 

Type III test 
. D-value 

-
.37 
.03 

<.0001 
<.0001 

.10 
<.0001 
.0013 

<.0001 
<.0001 
<.0001 

HTCM150 and SMI30 are both time dependent covariates that 
are highly correlated with age. The linear effect of age is no 
longer significant in this model since HTCM150 and SMI30 have 
entered the model as significant effects. There is still a 
significant quadratic age effect. EA have significantly lower 
average SSP at age 15 (106.1) and males have higher average 
SSP at age 15 (111.7) than AA or females (109.3). There was 
not a significant interaction between ethnicity and sex for means 
or linear slopes. The rate of increase across age in SSP, 
adjusted for differences in growth and adiposity, was significantly 
less for EA and for those whose parents achieved a level of 
education beyond high school. As all subjects grew taller their 
SSP increased, although males Increased at a significantly faster 
rate than females. Increases in body mass were also related to 
increases in SSP for all subjects. 
This model provides a 30-40% reduction in the variation of the 
intercepts (average SSP at age 15) for EA males and females 
and AA males. The variance of the intercepts remained 
unchanged from the unconditional growth model for AA females. 

The between subject variance in the linear slopes has been 
reduced from 30-70% by this model. The estimate of the 
variance does not exceed its standard error for EA males and 
females and AA females. There is still significant variation in the 
slope estimates for AA males that is not explained by this model. 

WITHIN-SUBJECT COVARIANCE STRUCTURE 
One of the strengths of PROC MIXED is that it allows the 
comparison of different structures for the within subject, or error, 
covariance matrix. So far we have been concemed with the 
between-subject variances of the intercepts and slopes of the 
growth model but have not been concerned about the within­
subject variances for the up to eight SSP measurements 
~AVEs). In this context, the intercepts and growth rates are 
assumed to be constant across individuals but the model 
introduces a different type of complexity: the residual 
observations within subjects (after controlling for the linear and 
quadratic effects of AGE) are correlated through the within­
subject error V-C matrix. This error matrix is called the R matrix 
and is modeled using the REPEATED statement. 
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proc mixed noclprint covtest; 
class id wave; 
model sbp = age15 age15*age15 / s notest; 
repeated wave /sub=id r rcorr type=cov-

structure; 
run: quit; 

WAVE has been added as a CLASS variable to indicate the time 
structured nature of the data within Subjects and WAVE is also 
used on the REPEATED statement. The SUS=ID option is the 
mechanism for block diagonalizing R since subjects are 
considered independent. The R option of the REPEATED 
statement requests that the first block of the R matrix be printed, 
the RCORR option prints the correlation matrix corresponding to 
R. If the first subject does not have all ofthe measurements 
~AVEs) then you will need to specify a subject who does . 

The TYPE: option is what determines the V-C structure. Five 
different COY-structures were considered, these are: 

1) Compound symmetric (CS): This is the most specific 
structure, the variance within waves is constant and there is 
a common correlation between waves. This Is the 
assumption If only the intercepts vary across individuals . 
There are two parameters estimated . 

2) Heterogeneous compound symmetric (CSH): This structure 
assumes a common correlation between waves but allows 
for different variances along the diagonal. For these data 
there are 9 paremeters estimated. 

3) Toeplitz (TOEP): This structure assumes a common 
variance across waves but produces a banded covariance 
structure such that the correlations between waves 
separated by the same amount of time are equal. There are 
8 parameters estimated. 

4) Heterogeneous Toeplltz (TOEPH): This structure allows for 
different variance parameters and produces a banded 
covariance structure such that the correlations between 
waves separated by the same amount of time are equal. 
There are 15 parameters estimated. 

5) Unstructured (UN): This structure produces estimates of all 
eight variances and 28 covaliances in each subject block of 
R. Therefore, all of the correlations between waves may be 
different. 

Table 9 shoWs the comparisons between these models. Since the 
same fIXed effects were included in all models a likelihood ratio 
test (LRT) was used to compare models for which one is a 
special case of the other. CSH and TOEP were compared to CS, 
TOEPH was compared to TOEP, and UN was compared to 
TOEPH. 

Table 9. Within-Subiect Model Com Darisons 
Type Parameters AIC sse -2RLL Chi-

square I 
df 

CS 2 -11053 -11057 22102 
CSH g -11042 -11061 22066 3617 " 
TOEP 8 -11022 -11039 22028 7416" 
TOEPH 15 -11015 -11045 22000 2817" 
TOEPH: 60 -11001 -11128 21881 119/45 " 
arouDed 
UN 36 -11015 -11092 21959 41121 
·p<.OOl 

Recall that we prefer models in which the AIC and SSC are larger 
and the -2RLL is smaller. Allowing for heterogeneous variances 
for each wave along the diagonal provides a Significantly better fit 
for both the CS and the TOEP models. Allowing for a banded 
covariance structure (TOEP) provides a better fit than the 
assumption that all of the correlations between waves are equal 
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(CS). The LRT between UN and TOEPH did not show a 
significant difference in fit so the preferred model for these data is 
one where the error matrix has a TOEPH structure. 

Since the variances of the intercepts and the slopes were 
significantly different within the AA male subgroup, a model was 
constructed that looked into possible subgroup differences in the 
R matrix using the TOEPH structure. 

proc mixed noclprint .covtest; 
class id wave race sex; 
model sbp = age15 age15*agel5 / s notest; 
repeated wave /sub=id r rcorr toeph 

group=race*sex; 
run; quit; 

The model comparison results of the TOE PH model grouped by 
ethnicity and sex are also shown in Table 9. The grouping 
provides a significantly better fit over not grouping, even though 
there are 45 more parameters to estimate. 

The variance and correlation estimates for each subgroup are 
listed in Table 10. The TOEPH(X) values are the correlation 
between values that are X waves apart, so TOEPH(l) is the 
estimated correlation between waves 1 and 2, 2 and 3, 3 and 4, 4 
and 5, 5 and 6, 6 and 7, and 7 and S. 

Table 10. V-C Parameter estimates (SE) from the TOEPH 
model: Grou~d ~Ethnicity an dS ex 

EAMaie EA AAMaie AA 
Female Female 

Var(l) 58_(9) 75 (12) 120 (18) 103~1~ 
Var (:1) 8Hl~ 89 (14) 128 (lBL 83il~ 
Var(~ 79.J.l~ 82 (12) 130_(lBL 55....(ZL 
Va~ 59...@. 68 (9) 14U21l 72~ 
VaU§l 80.J.1Q1 83 (11) 16U21l 86.J.1Q1 
Var@.. 86..1.111 70 (9) 172i2~ 84J.1Ql.. 
Va@ 9'U.l~ 75 (10) 170~2~ 101 (12) 
Var (8) 93 (16) 92 (16) 170 (27) 139 (21) 
TOEPH(l) .59 (.04) .66 (.04) .72 (.03) .49 (.04) 
TOEPH(2) .5H04) .63 (.04) .68 (.04) .48(.04~ 
TOEPH(3) .51j.05) .59 (.04) .67 (.04i .45..104i 
TOEPI-I(1) .47j,06i .59 (.05) .62j.0~ . 43..i0~ 
TOEPI-I{§) .42J,O~ .46 (.07) .64~0~ .38J.:OEn. 
TOEPt:!@) . 38.l,OBL .48 (.07) .62J,O~ .39J.:QZl 
TOEPI:!ill. .48J.: lQ1 .52(.10) .71j.°IL .55J.:0~ 

The AA Male group also shows much larger within WAVE 
variation in SBP than do the other groups. Their values also 
seem to track slightly better across WAVE but these correlations 
are only marginally higher when compared to the other the other 
groups. The major difference in subgroups appears to be within­
WAVE variation in SBP. 

COMBINED MODEL 
When the within-subject error covariance matrix speCifICation was 
combined with the model where the intercepts and slopes were 
considered as random effects the new model did not converge. 
This occurred even when neither V-C matrix was grouped by 
ethnlclty and sex. 

This new model is probably over specified. The error covariance 
structure within subjects describes the behavior of the errors -
what remains after remOving other fIXed and random effects in 
the model. The specification of the TOEPH error matrix may no 
longer be needed after the intercepts and slopes are considered 
as random effects and additional covariates are added to the 
model. 
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CONCLUSION 
PROC MIXED allows for the investigation of the changes over 
time within and between individuals. The intercepts and slopes of 
the individual growth curves can be considered as random effects 
and the effects of adding covariates to the model can be 
evaluated as changes in variances as well as the fixed effects 
estimates of those growth parameters and covarlates. 

Many different models can be considered and comparisons made 
in order to try to determine the best fit for the data. A limitation of 
this analysis technique for these data is that no one subject has 
measurements across the entire AGE spectrum. The change in 
SBP across AGE is derived from up to 8-year accumulations from 
many individuals. 
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SubarouD Means Across Ace: SSP 
EAMaie EAFemale 

AGE N Mean (SO) N Mean (SO) 
7 12 102(7) 12 100(7) 
8 25 103(7) 31 103(7) 
9 23 102 (6) 22 103 (7) 
10 45 103 (7 37 102 (7) 
11 52 106 (9 53 103(7) 
12 64 105 (7 65 105 (8) 
13 78 109 (9) 83 106 (7) 

14 97 112 (9) 93 104 (8) 
15 105 112 (9) 102 105 (9) 
16 84 113(9) 90 104 (8) 
17 65 113 (8) 72 106 (9) 
18 49 115(10) 39 105 (8) 
19 22 115 (11) 34 107(8) 
20 22 114 (9) 24 108 (9) 
21 16 115 (11) 12 109 (14) 
22 14 117(13) 0 -

N 
0 
18 
23 
37 
45 
56 
67 
72 
85 
87 
87 
70 
46 
32 
19 
11 
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MMaie MFemale 
Mean (SO) N Mean (SO) 

- 0 -
103(7) 23 103 (13) 
105 (8) 30 103 (8) 
104(7) 39 104 (9) 
105 (8) 50 107 (8) 
108 (9) 67 108 (8) 

111 (10) 84 107 (8) 
113(10) 113 108 (9) 
114(10) 122 110(9) 
116(10) 111 111(9) 
119(11) 84 112 (1:!t 
121 (13) 62 109 (9) 
122 (13) 42 111 (10) 
121 (12) 31 111 (9) 
122 (13) 21 116(10) 
127 (14) 11 113 (15) 
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AGE WAVE 

Frequency 1 2 3 

7 23 1 0 

8 85 12 0 

9 53 36 8 

10 44 75 35 

11 36 78 60 

12 28 37 83 

13 25 26 37 

14 25 25 24 

15 17 23 35 

16 11 15 21 

17 3 11 23 

18 0 4 16 

19 0 0 3 

20 0 0 1 

21 0 0 0 

22 0 0 0 

Total 350 343 346 

The FREQ Procedure 

Table of AGE by WAVE 

4 5 

0 0 

0 0 

1 0 

3 1 

21 4 

65 33 

109 76 

67 121 

49 76 

34 63 

38 45 

18 39 

13 17 

4 15 

2 3 

1 2 

425 495 

608 

6 7 

0 0 

0 0 

0 0 

0 0 

1 0 

4 1 

35 3 

76 33 

116 76 

80 113 

64 81 

40 63 

41 41 

23 36 

12 23 

3 12 

495 482 

8 

0 

0 

0 

0 

0 

1 

1 

4 

22 

35 

43 

40 

29 

30 

28 

18 

251 

Total 

24 

97 

98 

158 

200 

252 

312 

375 

414 

372 

308 

220 

144 

109 

68 

36 
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