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Estimation can be implemengd in Rwith just
that much information, with the int egration
approximated by rectangular quadraturésums of
heights at pointgtas it was to compute EAPs.

Bock & Lieberman"197G#did not have aubmagic
minimizers with built$n numerical derivatives.

So they needed the rst and seond derivatives of
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in which the item parameers are buried in
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Aft er quite a bit of stu , and ignoring sid&rips,
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in which pis the obsewred propottion for k.

Bock & Lieberman"197@suggest apprximating
the matrix of semnd derivatives with
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We can male this work with N ewtondRaphson
directly, but not with R)s minimizer?

Comparing the information matrices, Rs numerical
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The logistic model"%3Pl&#an be substitued for
the normal ogive with minimal changes.

In the R, with the change in functions'normal to
logistic#we also changed slopeihreshold
parametrization.
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Direct maximization of the lik elihood does not
scale b "many#tens of items and some multiple of
"many#tens of item parameers.

Bock & Aitkin "198#proposed a solution ¢ this
problem.

Bock & Aitkin "198#in pictures(
repeat EMEEM $EME until ¢ onvergene:
EStep "for each item#creates pseud&lata table:

Quadrature| - .
points: 8.0 ®5 E 0.0 0.5 E 3.0
rl 0.07 0.43 E 36.14 | 32.93 E 0.53

0 0.37 1.32 E 745 3.67 E 0.001

M $step "for each item#' ts the trace ling'stt

The quadratureébased omputation of the
probability of each response pa#rmn is:
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The expected frequency orrect/positive/1 at each
quadrature point is:
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Once the pseud&lata table is creatd, like

Quadrature| - -
points: 8.0 R5 E 0.0 0.5 E 3.0
rl 0.07 0.43 E 36.14 | 32.93 E 0.53
r0 0.37 1.32 E 745 3.67 E 0.001

the M $tep "for each item#' ts the trace line's#
using the pseud@&lata table & real data, and ML.
Such a problem is formay identical to probit or
logit analysis for the%@onstant Method&saltiness
data.
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Standard errors are nottree &however.

Comparing the information matrices for the 2PL, B5
numerical hessian for Bockiebermanys direct ML "red#
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