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Abstract

A LISREL representation of the Latent Growth Curve Model is used to gen-

erate the set of equations for the expectation of the vector of means and the

covariance matrix in terms of the unknown population parameters. A de-

pendency between the covariance of the level and shape parameters and the

scalings of the shape basis vector is shown. A simulation is presented based

on data presented by McArdle and Hamagami (1991) to show how the covari-

ance changes as the basis vector coeÆcients are rescaled. The relationship is

explained in terms of the algebraic solution to a system of equations.

Keywords: Latent growth curves, structural equation modeling, LISREL.

1 Introduction

The latent growth curve model has become a popular method used to analyze re-
peatedly measured data (McArdle and Epstein, 1987; McArdle and Aber, 1990)
when the interest is modeling "individual change as a function of time" (McArdle
and Epstein, 1987, p. 110). As originally described the method combines ideas
from both repeated measures ANOVA and longitudinal factor analysis (McArdle &
Epstein, 1987). The model assumes underlying latent variables that determine the
overall level and the shape of the trajectory for individuals. Under the hypothesis
of a particular shape (e.g. a straight line), the individual's observed values at each
occasion are estimated as a weighted linear combination of their scores on the vari-
ables representing level and shape. The weights (or "basis" coeÆcients) can either
be �xed (e.g. to represent a straight line) or, as suggested by Meredith and Tisak
(1990), and presented by McArdle and Hamagami (1991), estimated for the case in
which the shape of the curve is unknown.

The latent growth curve model has its roots in the longitudinal factor analysis
originally presented by Tucker (1958) and Rao (1958). Meredith and Tisak (1990)
described a general covariance structure approach to the estimation of latent curves.
The latent curve model is equivalent to a factor analysis model in which the factor
means are not assumed to be zero. As a result the underlying assumed model
generates a structure not only for the manifest variable covariance matrix, but also
for the means vector (Browne, 1993).

McArdle and his colleagues presented a Reticular Action Model (McArdle & Mc-
Donald, 1984) for the latent growth curve (McArdle & Epstein, 1987) along with a
great number of applications and extensions of the model including work on com-
paring average growth curves across groups (McArdle, 1988); convergence analysis
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(McArdle, Anderson, & Aber, 1987); assessing interindividual di�erences in change
(McArdle, 1988); di�erence component models, autoregressive models, missingness
considerations (McArdle & Aber, 1991); and models that included estimated basis
vectors (McArdle & Hamagami, 1991).

An equivalent LISREL alternative to the RAM model has been used for the
latent growth curve model (Willet & Sayer, 1994, 1996). The LISREL model makes
it somewhat easier to separate the respective means and the covariance structures
and thus for the reader to conceptualize the model. The latent growth curve model
has been the starting for a number of interesting data analytic strategies including
cross-domain analysis (Willett & Sayer, 1994, 1996), and the modeling of structural
relationships among growth processes (Muthen & Curran, 1997). These strategies
all have in common that the growth process can modeled with parameters reecting
the level and shape of the process.

In a parallel fashion random coeÆcient models have been developed and used
to model growth processes. Under a number of di�erent names reecting both
di�erent intellectual traditions and alternative computational strategies including
hierarchical linear models (Bryk & Raudenbush, 1992), multilevel models (Gold-
stein, 1987), random coeÆcient models (Rosenberg, 1973), random e�ects models
(Laird & Ware, 1982), and variance component models (Longford, 1987), these
models can be used to hypothesize a curve relating the occasion of measurement
to the dependent variable of interest. The relationship between these models and
the psychometric tradition-based latent growth curve models has been an important
topic of discussion (Muthen & Curran, 1997; Muthen, 1994; McArdle & Hamagami,
1996; Kreft, 1995; McDonald, 1994).

Starting from the general linear mixed model (Laird & Ware, 1982), Rovine and
Molenaar (1998a, 1998b, 1999b) have shown that the latent growth curve model
with a �xed basis vector is equivalent to a single group random coeÆcients model.
The covariance matrix of the curve parameters (e.g. level and shape) is required to
predict the individual regression weights and thus the individual curves. Rovine and
Molenaar (1999a, 1999b) describe this in more detail and provide a SAS program
for the prediction (Robinson, 1990) of the random e�ects. As an alternative one
could predict the individual regression weights by computing the factor scores of
the model.

For the case in which the shape is a straight line, the basis vector coeÆcients
can have a simple interpretation (McArdle & Hamagami, 1991). They can represent
the occasion of measurement or some related scaling (e.g. the proportion of time
elapsed). Since the slope is constant, the product of the di�erence between two ad-
jacent basis vector values and an individuals shape coeÆcient indicates the amount
that individual changes between those occasions. The product of the di�erence
between adjacent basis coeÆcients and the expected value of the shape coeÆcient
indicates the amount of group change between those two occasions. Considered as
regression based on a dependent variable x time plot, the basis vector coeÆcients
are equivalent to the abscissa values (or functions of the abscissa values) of that
plot. For the �xed basis model adding or subtracting a constant to basis vector
(e.g. by centering) is equivalent to moving the intercept of the model. In regression
the results of this change on the covariance between the slope and intercept have
been discussed for a number of regression models (Aiken and West, 1991) and has
more speci�cally been discussed in terms of the correlation between initial status
and change (Rogosa & Willet, 1985).

The basis vector values can be interpreted as the abscissa values in the dependent
variable x time plot only because the slope is constant across the curve (i.e. a
straight line). For the model in which the basis vector coeÆcients are estimated for
the purpose of specifying a curvilinear relationship, the e�ect of rescaling the basis
vector coeÆcients on the covariance between the level and shape parameters is more
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subtle. For this case the basis vector coeÆcients implicitly contain information both
about the measurement occasion and the change in slope. McArdle and Hamagami
(1991) de�ne the basis vector coeÆcient in terms of a reference occasion indicated
by a zero basis coeÆcient value. If the shape parameter represents a "unit of
change", then each basis coeÆcient represents the number of units of change that
occur between that occasion and the reference occasion (McArdle & Hamagami,
1991). Alternately, the shape parameter can also be conceptualized as indicating
the degree of curvature for the family of curves determined by the estimated basis
vector coeÆcients.

After demonstrating that the covariance between level and shape is dependent
on the scaling of the �xed basis vector, we will turn to the main focus of this
paper; namely, to show the way in which the covariance between the latent level

and shape variables is dependent on the scaling of the basis vector for the case in
which the basis vector coeÆcients are being estimated to determine the shape of
a curve. Using the LISREL model for the expected means and covariance matrix,
we will show the source of this dependency algebraically. This result will suggest
that under these circumstances, it may be diÆcult to substantively interpret that
covariance.

2 The latent growth curve model

McArdle and Epstein (1987) presented a computational strategy for estimating the
latent growth curve based on the Reticular Action Model (RAM; McArdle and Mc-
Donald, 1984) which provides an algebra for generating the expectation of the man-
ifest covariance matrix given the model parameters. A graphical representation of
the basic latent growth curve model appears in Figure 1. In path analytic terms the
single-headed arrows represent regression relationships, the double-headed arrows
connecting two variables represent covariances. A double-headed arrow spanning
a single variable represents a variance. Variables indicated by squares are mani-
fest variables with [Y1; Y2; Y3; Y4; Y5] representing the vector of manifest variables.
Variables indicated by circles are latent (L=level; S=shape). By including the L�

and S� along with L and S, one estimates the dispersion of each latent variable
as a standard deviation. The basis vector values are indicated on the Figure. For
level, the basis is a vector of 1s; for shape, the basis is represented by the vector
[b1; b2; b3; b4; b5]. In this model the residuals e1; e2; e3; e4; e5 are considered latent
variables. r(LS) is the correlation between level and shape, mL, mS and sL, sS
are the respective means and standard deviations for level and shape. The triangle
represents the constant, 1, and, as a result, the paths linking the triangle to the
latent variables represents the means of those latent variables. For more details
regarding the model, we refer the reader to the excellent detailed explanations of
the model that appear in McArdle and Epstein (1987; McArdle and Aber, 1990;
McArdle, 1988). For information regarding the tracing rules for these models, we
refer the reader to McArdle & McDonald (1984). The model is implemented in LIS-
REL using the 	, �, and B matrices of the Y -side LISREL model. All paths in the
model are modeled in the B matrix. This includes treating some of the variances
estimates as regression predictors and estimating them as standard deviations. We
include a LISREL setup for this model in the Appendix.

As we will be using the LISREL equations throughout this paper, we present a
graphical representation of an equivalent LISREL model in Figure 2. In the next
section, we present this model more formally.
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Figure 1: A latent growth curve model (after McArdle and Hamagami (1991)).
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Figure 2: A computationally equivalent latent growth curve model.
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3 The LISREL model for the latent growth curve.

As Rovine and Molenaar (1999b) have shown based on the general linear mixed
model (Laird & Ware, 1982), the single group latent growth curve model with a
�xed basis vector can be written as the random coeÆcients model

y
i
= X� + Z

i
+ �i = X(� + 

i
) + �i (1)

where y
i
is a vector of observed variables for the ith individual, X = Z is the

matrix of basis values, � is the vector of group growth curve parameters (i.e. level

and shape), and 
i
represents the vector of deviations in level and shape from the

group parameter vector for the ith individual (Note: an underscore represents a
vector). The 

i
are assumed to be independently distributed across subjects with

a distribution 
i
� N(0; �2D) where D is an arbitrary \between" subjects matrix.

The �i which are the individual deviations around their own predicted line are
assumed to be distributed as �i � N(0; �2� I) where I is an identity matrix.

We now express (1) in terms of the Y -side LISREL model. The measurement
equation is

y = �y + �y� + � (2)

where y is now the vector of observed values, �y is a matrix in which each column
holds the basis vector for the latent variables, level and shape, respectively, � = �+

i
is a vector of latent variable scores for level and shape, � is vector of residuals, and
� is a vector of intercepts which for this model equals 0. The structural regression
equation is

� = �+B� + � (3)

where � is a vector of constant intercept terms, B is the matrix of structural regres-
sion coeÆcients among the � and � is a vector of equation errors. For this model
B = 0 and (3) becomes

� = �+ � (4)

where � is the vector of latent variable means and the covariance matrix of � is the
covariance matrix of the individual random e�ects.

By taking the expectation of equation 2, we get

E[y] = �
y
= �y� (5)

where �
y
is a vector of observed variables means, and � is seen as a vector of

population parameters related to the observed means by the shape basis vector
coeÆcients.

The expectation of the covariance matrix, �, is

E[(y � �y)(y � �y)
T ] = �y	�

T
y +�� (6)

where 	 is the covariance matrix of the latent variables and �� is the covariance
matrix of the �i.

A graphical form of the model appears in Figure 2. The model shown estimates
the latent growth curve model as a measurement model in which the �y matrix
holds the basis vectors for level and shape, the 	 matrix is the factor covariance
matrix, and the �� matrix is the diagonal covariance matrix of the within subject
residuals. The latent variable means are indicated by the arrows connecting the
constant to the latent variables ( McArdle & Boker, 1991). These values appear in
the � matrix.
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Table 1: A test of the covariance between two random coeÆcients (level and shape) for
di�erent choices of the zero time point in a �xed basis vector shape function

Parameter estimates
Basis vector Covariance Correlation �2 (1df), prob
(shape function)
[0; 1; 2; 3; 4] �:33 �:55 71.21 (P=0.000)
[1; 2; 3; 4; 5] �:49 �:70 82.72 (P=0.000)
[2; 3; 4; 5; 6] �:64 �:79 109.38 (P=0.000)
[�1; 0; 1; 2; 3] �:18 �:33 15.56 (P=0.000)
[�2;�1; 0; 1; 2] �:02 �:04 0.21 (P=0.890)

Simulation parameter values:
Level: �1 = 2 Shape: �2 = 1
Level variance: �2Level = 2:00 Shape variance: �2Shape = :20
Level/Shape covariance: �level/shape = �:30
Error variance: �2� = :60

4 The covariance between level and shape for dif-

ferent �xed basis vectors

According to equation 1, we �rst simulated data corresponding to a straight line
model with an intercept, �1 = 2 and a slope, �2 = 1. Other parameter values used
in the simulation appear in Table 1. Using a shape function related to the �xed basis
vector [0,1,2,3,4], we �t the model �rst using that basis vector. By next changing
the shape function to [1,2,3,4,5], we essentially chose a zero time point that occurs
prior to the �rst measurement occasion. We, then, �t the model using this basis
vector. The covariance and correlation between level and shape (along with the
�2 di�erence test of whether the coeÆcient is zero) for these two shape functions
along with other shape functions appear in Table 1. As can be seen, the test of
whether the covariance between the two random coeÆcients is zero is dependent on
the choice of the zero time point. In fact, dependent on the choice of a zero point,
the coeÆcient can range from signi�cant to non-signi�cant.

5 Estimating the covariance between level and shape

with estimated basis vector values

To illustrate the latent growth curve model with estimated basis vector coeÆcients,
we simulated data using the parameter values presented by McArdle and Hamagami
(1991) based on change in visual cognitive ability. They imagined �ve data points
taken at 10 year intervals between ages 20 and 60. Table 2 gives the population
parameters used to simulate the data. The table includes the parameter estimates
for both the RAM model and the computationally equivalent LISREL alternative.

The �rst column shows the parameter values used in the simulation. As one
can see the simulation values speci�ed that the �rst occasion has the basis value
of 0 and with that scaling the covariance between level and shape equaled 0. The
parameter estimates according to the RAM model appear in the next column. As
can be seen, with the chosen scaling of the basis vector, the parameter values are
recovered nicely. The next three columns (labeled Basis 1, 2 and 3 ) show the
results of �tting the models using the alternative LISREL speci�cations. For the
results of the column labeled Basis 1, we �t the equivalent LISREL model using the
simulation basis values. As one would expect, the RAM and LISREL results agree.
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Table 2: A comparison of results from �tting latent growth curve models to the with
estimated basis coeÆcients

Parameter estimates (with t-values in parentheses)
Parameter Sim. RAM Model (LISREL model)

value Basis 1 Basis 2 Basis 3
Level Mean 50.0 49.5(87.6) 49.5(87.1) 40.1(65.7) 68.3(61.8)
Shape Mean 10.0 9.4(23.2) 9.4(23.1) 9.4(23.1) 9.4(23.1)
Basis(Y20) 0.0 0:0f 0:0f 1:0f �2:0f

Basis(Y30) 2.0 2.1(25.5) 2.1(25.4) 3.1(37.7) 0.1(0.77)
Basis(Y40) 2.0 2.1(25.6) 2.1.(25.4) 3.1(37.7) 0.1(0.82)
Basis(Y50) 1.0 1.1(19.8) 1.1(19.7) 2.1(38.5) �1:0(�17:8)
Basis(Y60) �1:0 �1:0f �1:0f 0:0f �3:0f

Level StdDev* 5.0 5.3(6.7) 27.9(6.7) 32.6(6.5) 69.5(6.6)
Shape StdDev* 3.0 2.9(6.1) 8.5(6.1) 8.5(6.1) 8.5(6.1)
Level$Shape 0.0 .12(1.1) .12(1.1) �:39(�3:3) .78(5.4)
Error(Y1-Y4)* 2.0 2.1(12.2) 4.3(12.2) 4.3(12.2) 4.3(12.2)
Likelihood ratio 10.6 10.6 10.6 10.6
degress of freedom 11 11 11 11

Notes: T-values are included rather than standard errors to allow for comparison
of variances and standard deviations.
f is a �xed value
� the alternative model estimates these as variances.

We then �t the model using di�erent �xed basis values. The results are described
below.

To estimate the shape of the model above, we followed McArdle and Hamagami
and �xed two of the basis values. As described above, we �rst anchored the basis
vector for the �rst and last replications at 0 and �1, respectively. The model
produced the three other basis estimates successfully along with the means and
variances of both the latent level and shape variables. The correlation between level
and shape was not signi�cantly di�erent than 0. McArdle and Hamagami (1991,
p. 291) state that "The constraint B(1) = 0 makes the slope factor, S, independent
of the level factor, L; and [the] constraint B(5) = �1 provides a needed scaling for
the slope factor, S". We next �t the model attempting to anchor only one of the
basis vector values. As suggested by McArdle and Hamagami, the model was not
identi�ed. Fixing two of the shape basis values was required to estimate a model
that would successfully capture the shape.

To further test this, we �t the same model anchoring the endpoints of the basis
vector at 1 and 0, respectively. The results of �tting this model appear Basis 2 in
Table 1. In order to maintain the shape of the latent growth curve one would expect
the freely estimated basis vector values to increase by 1. We �t this model and the
basis vector and the means appeared as expected. However, the correlation between
the latent level and shape was estimated as �:397. The parameter values for the
basis vector conformed to the shape of the simulation values but the correlation
was very di�erent. We �t the model again, this time anchoring the basis at �2 and
�3, respectively. Once again, the basis vector captured the shape of the curve and
the means of level and shape. This time, however, the correlation was estimated
as .786. Depending on the selection of the basis, the correlation between level
and shape ranged between a large positive and large negative value when the true
population value was 0.

While McArdle and Hamagami (1991, p. 291) suggest that �xing any two values
of the basis vector should work equally as well, this holds for the identi�cation of
the model, not for the intrepretation of the estimated covariance (or correlation)
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between level and shape. As McArdle (1988) pointed out, the characteristic of this
model that is invariant across di�erent scalings of the basis vectors is the ratio of any
pair of freely estimated basis parameters. The estimation of the covariance between
level and shape is not independent of that selection. That implies that if one assumes
that the data are generated by an underlying process that has a particular covariance
structure for the latent variables, while one can expect to correctly estimate the
shape of the curve, one can only expect the \correct" correlation when the basis
vector has been scaled in an opportunistic fashion.

The reason for this problem has to do with role of the parameter estimates in
the determination of variances and covariances and of the contribution of the shape
basis to that estimation.

Scaling is known to a�ect results on regression-like models that are nonlinear
in the values of the independent variables (design matrix) even when linear in the
parameters. The e�ect on the regression by centering is used to change the cor-
relation and decrease multicollinearity in regression estimation of nonlinear curves
(Marquardt, 1980). Similar problems of scaling in latent variable modeling have
been suggested (Bielby, 1986). For the latent growth curve model, the simultane-
ous equations generated by the LISREL allows one to see how the problem can
occur.

6 The correlation of level and shape as a function

of the parameters of the model

It is helpful to multiply out the expected means and covariance matrix to see how
parameters are estimated.

Equation 5 above can be expressed as2
66664

�1
�2
�3
�4
�5

3
77775 =

2
66664

1 b1
1 b2
1 b3
1 b4
1 b5

3
77775
�
�1
�2

�
=

2
66664

�1 + b1�2
�1 + b2�2
�1 + b3�2
�1 + b4�2
�1 + b5�2

3
77775 (7)

for b1 = 0 and b5 = �1 this becomes2
66664

�1
�2
�3
�4
�5

3
77775 =

2
66664

�1
�1 + b2�2
�1 + b3�2
�1 + b4�2
�1 � �2

3
77775 (8)

Equation 6 becomes

���� =

2
66664

1 b1
1 b2
1 b3
1 b4
1 b5

3
77775
�
 11  21
 21  22

��
1 1 1 1 1
b1 b2 b3 b4 b5

�
(9)

which can be expressed as

�jk =  11 + (bj + bk) 21 + bjbk 22 +�jk�jk (10)

where �jk denotes a covariance and �2j denotes a variance. T is the number of
occasions, j; k = 1; 2; :::; T , and �jk is Kroneckers � (a general form for the expec-
tation for all parameters including the covariance appears in Table 17.2 of McArdle
& Hamagami, 1991).

MPR{online 1998, Vol.3, No.2 c 1999 Pabst Science Publishers



Rovine & Molenaar: The covariance between level and shape 103

For b1 = 0 and b5 = �1, �
2
1 and �25 become

�21 = 11 + �11

and

�25 =  11 � 2 21 +  22 + �55

(11)

Solving for  21 yields

 21 =
(�21 � �

2
5) + (�55 � �11) +  22

2
(12)

When b1 = 1 and b5 = 0, the �21 and �25 become

�21 =  11 + 2 21 +  22 + �11

and

�25 = 11 + �55

(13)

Solving for  21 yields

 21 =
(�21 � �

2
5) + (�55 � �11)�  22

2
(14)

Since both the variance of the latent shape variable and the estimate of the errors
is invariant across basis vector scalings, equations 12 and 14 indicate the change in
covariation given changes in the basis vector values. The equations also indicate
the range of covariation given the shape variance. The estimation of the correlation
between latent level and shape thus depends on the selection of the shape basis
vector variable.

7 Discussion

The latent growth model represents an interesting way of dealing with repeated
measures data. Much like regression, the latent growth curve model can capture
the shape of a curve. However, the simultaneous estimation equations tie level and
shape together in such a way that the correlation between the two is dependent
on the scaling of the shape basis vector. This is not surprising in that as one
estimates the values of the parameters associated with the occasions of measurement
while simultaneously �xing the \times" at which certain data must be plotted,
one essentially rede�nes the intercept of the model. This result, which has been
described for regression estimates of growth curves and, in a simpler sense, for
the correlation between initial status and change (Rogosa and Willet, 1985), must
also be considered in the latent variable domain. McArdle (1988, p. 573 suggested
that other parameters including the basis vectors, the mean of the latent variables,
and their standard deviations are \not invariant to the �xed scaling of the latent
variable", and that the invariance in the model can be seen in the \ratio of any
pair of [estimated] loadings". To the best of our knowledge, this paper shows for
the �rst time that the lack of invariance includes the covariance between level and
shape for the situation in which the basis vector values are used to estimate the
shape of the latent growth curve.
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8 Appendix

LISREL VIII program for the alternative model

title use McArdle and Hamagami basis 0 b b b -1

da ni=5 no=100 ma=cm

km sy

*

1.000

.591 1.000

.612 .943 1.000

.750 .899 .893 1.000

.788 .253 .286 .486 1.000

sd fu

*

5.51 8.57 9.01 6.68 6.12

me fu

*

49.57 68.94 68.93 59.37 39.99

mo ny=5 ne=2 ly=fu,fr te=di,fr ps=sy,fr al=fr

fi ly(1,1) ly(2,1) ly(3,1) ly(4,1) ly(5,1)

fi ly(1,2) ly(5,2)

eq te(1) te(2) te(3) te(4) te(5)

va 1 ly(1,1) ly(2,1) ly(3,1) ly(4,1) ly(5,1)
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va -1.0 ly(5,2)

ou ad=off so it=100 ss rs tv

LISREL VIII program for the McArdle and Hamagami model based

on RAM notation

title run latent growth curve model

da ni=5 ng=1 no=100 ma=am

km sy

*

1.000

.591 1.000

.612 .943 1.000

.750 .899 .893 1.000

.788 .253 .286 .486 1.000

sd fu

*

5.51 8.57 9.01 6.68 6.12

me fu

*

49.57 68.94 68.93 59.37 39.99

se

1 2 3 4 5 'const'/

mo ny=6 ne=15 be=fi,fu ps=fi,sy ly=fi te=ze

le

'1.scor20' '2.scor30' '3.scor40' '4.scor50' '5.scor60' '6.err20'

'7.err30' '8.err40' '9.err50' '10.err60' '11.level' '12.shape'

'const' '14.std.l' '15.std.s'

ma ly

*

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 1 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 1 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

ma be

*

0 0 0 0 0 1 0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 1 0 0 0 1 2 0 0 0

0 0 0 0 0 0 0 1 0 0 1 2 0 0 0

0 0 0 0 0 0 0 0 1 0 1 1 0 0 0

0 0 0 0 0 0 0 0 0 1 1 -1 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 1 1 0

0 0 0 0 0 0 0 0 0 0 0 0 1 0 1

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

ma ps

*

0

0 0

0 0 0

0 0 0 0

0 0 0 0 0

0 0 0 0 0 1

0 0 0 0 0 0 1

0 0 0 0 0 0 0 1

0 0 0 0 0 0 0 0 1

0 0 0 0 0 0 0 0 0 1

0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 1

0 0 0 0 0 0 0 0 0 0 0 0 0 1

0 0 0 0 0 0 0 0 0 0 0 0 0 .5 1

fr ps (6,6) ps (7,7) ps (8,8) ps (9,9) ps (10,10) ps (14,14)

fr ps (15,15) ps (15,14)

fr be (2,12) be (3,12) be (4,12)

eq ps (6,6) ps(7,7) ps (8,8) ps (9,9) ps (10,10)

fr be (11,13) be (12,13)

ou ad=off so it=100 ss rs tv ns
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