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This research is aimed to apply ideas of parametric bootstrap estimation in
multilevel analysis of small sample groups and also compare 5 methods of bias value of
parameter estimation in multilevel analysis of small sample groups. They were FML, RML,
SE, SM1, and SM2. For the SM1 and SM2, they were the methods which applied the
ideas of parametric bootstrap estimation. This research study was modeled the problems
by using the Monte Carlo method which consisted of the following problem conditions: 1)
the population were categorized by right skew and left skew; 2) 1 and 2 independent
variables; 3) Intraclass Correlation Coefficient was 0.20; and 4) sample sizes, 5 for each
level which were 3, 5, 10, 15, and 20. Each situation was modeled by 10,000 series of
information and compare statistic of bias value was One-wéy Multivariate Analysis of
Variance (One-way MANOVA) The results are as follows:

1. The application of parametric bootstrap estimaﬁon in multilevel analysis of
small sample groups comprise of 4 stages. They are:

Stage 1: Random sampling in the highest level with replacement.

Stage 2: Calculate 2] by using parametric estimation with Subsampling
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Algorithm to estimate € and 6. The Formulas are as follows: SM1 =
d=(24)"(«B)Adjusted § Case of 2 levels byy =+/(t+0?/n) and Case of 2 levels by
A ﬂﬂ/(tﬁ ot #/njk)*)"Jand SM2 = 4 =(4'4)" (4'B)

Stage 3: Repeat Stage 1 and 2, coefficient in each level is revealed.

Stage 4: Estimation of representatives of coefficient value in each level was
done by taking regress coefficient to find error in Multi-Level Analysis which was
considered from the highest level of error by ordering the median of the double error
from the lowest to the highest. The median of the double error in any round is the
estimated middle value of the paraineter. It is the value estimator in each Ievel.

2. The comparison of bias in estimating the parameter in Multilevel Analysis,
when the sample groups are small. The results are as follows:

2.1 The comparison of bias in estimating the parameter in Multilevel Analysis
in case of 2 levels, when the sample groups are small. In case the population are right
skew and left skew with one independent variable in each level, it was found that the SE
was able to estimate the Fixed Effects which showed a bias value lower than other
methods and followed by RML method. Regarding the Random Effects, it was found that
the FML revealed lower bias value than other methods, followed by the RML method.

2.2 The comparison of bias in estimating parameter in Multilevel analysis in
case of 2 levels, when the sample groups are small. In case that the population were
right skew with two independent variables in each level, it was found that the SE was
able to estimate the Fixed Effects which showed a bias value lower than other methods
and followed by RML method. Regarding the Random Effects, it was found that the FML
revealed lower bias value than other methods, followed by the RML method.

In case that the population were left skew, it was found that FML and
RML could estimate the Fixed Effects which had lower bias than other methods.
Conceming the Random Effects, it was found that the FML showed lower bias than other

methods, followed by the RML.
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2.3 The comparison of bias in estimating parameter in Multilevel analysis case
of 3 levels, when the sample groups are small. In case that the population were right
skew with one independent variable in each level, it was found that the FML could
estimate the Fixed Effects which had lower bias than other methods, followed by the
RML. Concerning the Random Effects, it was found that the SE showed lower bias than
other methods, followed by the SM1.

In case that the population were left skew, it was found that the FML and
RML could estimate the Fixed Effects which revealed lower bias than other methods.
Concerning the Random Effects, it was found that the SE showed lower bias than other
methods, followed by the SM1.

2.4 The comparison of bias in estimating parameter in Multilevel analysis in
case of 3 levels, when the sample groups are small. In case that the population were
right and left skew with two independent variables in each level, the FML could estimate
the Fixed Effects which revealed lower bias than other methods, followed by the RML._
Concerning the Random Effects, it was found that the SE showed lower bias than other

methods, followed by the SM1.





