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=%.  Example TheRatio Model for Geometrical-
g?) Optical lllusions|11

How can we test the hypothesis of the ratio model for

E(InY [InX, Z) =go(Z) + g1(Z2)4n X
geometrical-optica illusions?
Before we can test this hypothesiswe need the concepts of the
conditional linear quasi regression and the conditional nonlinear

regression.




W Conditional Linear Quasi-Regression: Definition 3
Definition 10.1. Let X, Y and Z be random variables on a common
probability space and go(2), 91(Z) two numerical functions of Z. The
function

QY| X,Z2)=99(2) +%(9 X
is called the conditional linear quasi-regression of Y on X with respect
toZ, if for every value z of Z, the function
LS, [fo(@), 11(@)] = Ez=,[(Y - [o(2) +F1(d) xX])?]
has its minimum for fy(z) = gy(2) and (2 = 91(2), where gy(2) and
01(2) arethevalues of gy(Z) and g;(2) respectively.
Properties of the Residual 4

The residual
n:=Y- g2) + (2 X
has the following properties:
E;-,(nN)=E(M[Z=2) =0,
Cov,_,(n, X) =Cov(n, X|Z=2 =0,
E(n) =0, and Cov(n, X) =0,
but, in general, not
E;-,(e|X)=0




Parameterizations for the Conditional
Linear Quasi-Regression

All of the methods as discussed in the last chapter can be applied to the
conditional linear quasi-regression in the same way.

Also identical is the identification for the coefficient of determination of

the conditional linear quasi regression

> _ Var[gd Z)] +Var[gy( Z) XX] +2XCov g 2), 6.(9 *X]
Qfix z vary)

Conditional Nonlinear Regression |

Again we will consider indicator variables as away to parameterize a
conditional nonlinear regression. It isalso called means model . For every
combination of values of X and Z one indicator variable is formed:

ilif X=xandZ=gz;

=) B b= tn j= 1.k

10, otherwise
The following parameterization as ameans model provides a saturated
parameterization:

E(Yl X, Z) = rTllX 1t ”12’412 + ...+ m] >4” + ..t n}lk)dnk'




Conditional Nonlinear Regression ||

Using the symbols ny as coefficients of thel;; makes sense, because they

represent in fact the conditional expected values, as you can seein the

following equations:

E(Y| X=Xy, Z=2)=m X1+ mp0+ ...+ M0 =my,
E(Y| X=X, Z=21) = MO+ mp XL+ ... + My >0 =y,

E(Y|X=x,Z=2) =m0+ mp0+ .. +mXL=m,.

Example: The Ratio-Model for Geometrical -
Optical Illusions |V

The basic statement of the ratio model for geometrical -optical illusionsis
that, for a constant context-stimulus ratio Z = z, the logarithm of the length of
the line produced by the person (In YY) islinearly regressively dependent of
the logarithm of the length of the stimulus line (In X). In other words, the
conditional linear quasi-regression with respect to Z

QUnY[InX,Z) =bg +bylyp +byly

+goInX+glyaIn X+ Iy In X

isequal to therea conditiona linear regression with respect to Z.




Testing the Conditional Linear Regression

Thetest is again done by comparing the estimates of the coefficients of
determination of the conditional linear quasi-regression Qﬁ x.zWith the one

of the saturated conditional nonlinear regression 'i(2|x,z by the following F-
test:

F= (F}%x,z; & 2)/(n- p)
(- Rijx,z)/(N-n)

where n is the number of parameters of the conditional nonlinear regression
(the saturated model), p the number of parameters of the conditional linear
quasi-regression and N the sample size.

Logistic Regression

Logistic linear parameterization

exdgd Z) + 9:(2 xX]
1+exdgo(Z)+ g1(9xX]

P(Y=1]|X,2)=

Logistic polynomial parameterization

P(Y=1[x,2) =_HILD) * G =X+ (9 X+ .. ]
1+eplgd 2) + g 2 x X+ gp(2) XX 2+ .. ]
Saturated parameterization

Py=11x,2)= 2P aln ol n b #1 ol )
) 1+exp(l 1411+ 24l o1t +1 ol )
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