AlC and BIC for Simple Models of Severely Complex Data
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Modeling Error for Covariance Structures

For comparing non-nested models, psychologists often use the Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC).

When modeling covariance structure, a discrepancy function
measures the distance between two covariance matrices, with a
common choice being the Maximum Likelihood discrepancy:

Fy.(A,B) = log|B| —log|A| + tr(AB™1) — p

A useful framework for considering modeling errors:!*
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2, = true population covariance matrix

S = covariance matrix of a random sample from the population
Z(y) = model implied covariance matrix (MICM) calculated from
ﬁttmg the model to Z,

Z(y) MICM estlmated from fitting the model to S

The Difterent Types of Modeling Errors

¢, = discrepancy between the best possible MICM and Z,

fo = discrepancy between the MICM fit to S and full reality

fo = discrepancy between the MICM fit to S and the MICM fit to 2,
f. = discrepancy between the MICM fit to Sand S

The Complexity of Behavioral Data

Most previous literature comparing AlIC and BIC's model selection
performance has included both the actual data-generating process
(DGP) and models more and/or less complex than the true DGP.>®

This favors BIC,° but does not reflect common psychological settings,
where we expect human behavior to be the result of many different
. process interacting in a complicated fashion.
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Simulation Fitting 5 Candidate Models to Data from a Com

e Medla

Data was simulated from the displayed
complex path diagram.’

 Exogenous variables are in red
* Manifest variables are in green
 Endogenous factors are in white

.6
Y5
ElicBaby

Five candidate models were fit to a subset

Of manifeSt vars (yll y31 y81 y91 y101 y111 y14)

. A 2-factor mediation model (p =17)
. A correlated 2-factor model (p =17)
. A bi-factor model (p = 24)

. A one factor model ( p = 15)

. A 2-factor model with cross-loadings

(p=23)

All of these candidate models are vastly
less complex than the true DGP
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Results below show each model’s Error of Approximation (¢,) and Expected BIC (EBIC) and AIC
(EAIC) at each sample size, as well as the selection rate from 1,000 samples at each N.
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Discussion

Answering the Research Question:

. At small sample sizes, BIC fails to target the model with the lowest
error of approximation.
. Eventually, when N is large enough, BIC correctly targets the model
with the lowest error of approximation.
. AlC incorporates sample size to target the model with the lowest
overall error.
 This target model will change as sample size increases and
estimation error decreases
e Qverall error combines approximation and estimation error?#
. Even when AIC and BIC are targeting their correct models, large
model selection uncertainty exists.
 The selection rate for the correct model never exceeded 50%
 Very large samples are needed to ensure AIC and BIC not only
target their correct models but also reliably select then in any
given sample

The Behavior of AIC and BIC as N Increases

In a finite sample AIC targets the model with lowest overall error,® while
BIC consistently targets the model with lowest approximation error.®

However, “sufficiently large” N is required for BIC’s statistical consistency.*
In sample sizes seen in psychology, Expected BIC (EBIC) does not always
target the model with the lowest error of approximation.

As N increases, the difference between overall error and approximation
error decreases because estimation error shrinks.2 Thus, in this simulation
AlIC began to target the model with the lowest approximation error as this
became the model with the lowest overall error, too.

In this simulation, AIC began to target the model with the lowest
approximation error more quickly than BIC.

The Significance of the Problem

Model selection is an important part of data analysis. Previous simulations
have recommended BIC over AIC due to BIC’s consistency.>® However, the
N required for BIC to reach its consistency can be very large, especially
when the true DGP is much more complex than any considered model.

AIC may be a better choice due to its ability to incorporate sample size and
how quickly estimation error shrinks with increasing N relative to the large
sample sizes needed for BIC to reach consistency
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