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KEYWORD: PARAMETER ESTIMATION METHODS/ ML/ WLSMV/ BAYESIAN/
ORDERED CATEGORICAL DATA/ NON — NORMALITY DISTRIBUTION/
TOSSAPONE TOSSAPIM: EFFICIENCY OF ML, WLSMV AND BAYESIAN

PARAMETER ESTIMATION METHODS FOR NON — NORMALITY ORDERED

CATEGORICAL DATA UNDER DIFFERENT CONDITIONS: CASE STUDY OF

THE FIRST ORDER CONFIRMATORY FACTOR ANALYSIS. THESIS ADVISORS:

SAKESAN TONGKHAMBANCHONG, Ph. D., SOMPONG PUNHUN; Ph. D. 169 P. 2013.

The objective of this research was to examine and compare the efficiency of ML
{in case of transformed and non transformed data to normal distribution) via WLSMYV and
Bayesian parameter estimation methods for non — normality ordered categorical data under

£ different sample sizes (80, 160,370 and 623). This research used 14,000 pseudo popuiations

Zum the survey research. This research focuses on the first order confirmatory factor analysis
model and the comparisons were done involving 16 conditions (4 parameter estimation methods
and 4 sample sizes). Each condition was replicated 200 times. The dependent variables evaluated
consisted of: 1) the bias of parameter estimates; 2) the bias of standard errors; 3) construct
seliability (0 ) and average variance extracted (fJ ); and 4) Model fit indices to determine
percent of model fit.

The research findings revealed that:

1. Bayesian and WLSMYV estimation resulted in equally bias of parameter estimates.
Both estimation methods were found to be moderate biased parameter estimates for sample size
£0 and 160, with this bias becoming decreased to trivial biased when sample size increased to
at least 370. The parameter estimates becoming closer to true parameters when sample size
increased. The 95% confidence interval of parameter estimates of Bayesian estimation covered
true parameters for all sample sizes and the 95% confidence interval of parameter estimates of
WIELSMYV estimation covered true parameters when sample size increased to at least 160.
ML estimations (both transformed and non transformed data to normal distribution) were found
to be substantial biased parameter estimates. The parameter estimates were underestimated
with .001 statistical significant levels and the 95% confidence interval of parameter estimates

uncovered true parameters across all sample sizes.



2. Bayesian and WLSMYV estimation resulted in equally bias of standard errors. Both
sstimation methods were found to be substantial biased standard errors for sample size 80, with
this bias becoming moderate biased for sample size 160 and decreased to trivial biased when
sample size increased to at least 370. ML estimations (both transformed and non transformed data
to normal distribution) were found to be substantial standard errors for sample size 80 and 160,
with this bias becoming moderate biased for sample size 370 and decreased to trivial biased when
sample size 623,

3. Construct reliability (£)_) and average variance extracted (2, ) of the Bayesian
estimation were not different from true parameters for all sample sizes. WLSMYV estimation were
found to be overestimated with .001 statistical significant level when sample sizes 80 and both
values were not different from true parameters when sample size increased to at least 160.

ML estimations (both fransformed and non transformed data to normal distribution) were found
t> be underestimated with .001 statistical significant levels for all sample sizes.

4. Fitindices evaluated in this study were the CFI, TLI'and posterior predictive
r - value to-determine percent of model fit. The percentages of model fit were found to increase
with the sample size increased for all parameter estimations. The percentages of model fit from
ML estimations (both transformed and non transformed data to normal distribution) were less
accurate than WLSMYV and Bayesian estimation. The percentage of model fit from WLSMV
estimation ended up being more acceptable than the other estimations for all sample sizes.

"he percentage of model fit from Bayesian estimation was accurate when the sample size

mereased toat least 370.
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