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ABSTRACT

The research work explores the comparison of various methods for estimating variance
components in a two-way random effects model, a critical task in experimental data analysis.
The methods assessed include classical Analysis of Variance (ANOVA), Restricted Maximum
Likelihood (REML), and Bayesian estimation. The experiment was designed with treatments
(3 levels) and blocks (4 levels), with each combination replicated 5 times, resulting in 60
observations. The objective was to estimate variance components attributable to treatments,

blocks, and errors.

The results were compared across the three methods: ANOVA produced variance components
of 6%, = 3.84, 0% = 2.43, and ¢%; = 3.58, while REML and Bayesian estimates were ¢2, =
4.805 and 4.75, 6% = 2.4067 and 2.60, and o% = 3.58 and 3.60, respectively. While the three
methods yielded similar results, minor differences were observed, reflecting their respective
properties. ANOVA, though simple and interpretable, may be biased in small samples or
unbalanced designs, whereas REML offers better performance in such situations, and Bayesian

estimation provides flexibility with credible intervals to quantify uncertainty.

The research work highlights the importance of method selection depending on sample size,
design, and the need for uncertainty quantification, suggesting future work on more complex

or larger-scale experiments.



CHAPTER ONE
INTRODUCTION
1.1 Background of Study

Variance is a key statistical measure that quantifies variability within a dataset, reflecting how
much individual data points deviate from the mean (average) of the dataset. It is particularly
important in the context of estimating variance components, which are used to understand the
contribution of different sources of variation within a population (Rasch et al., 2006). There
are several methods available for estimating these variance components, including Analysis of
Variance (ANOVA), Maximum Likelihood (ML), Restricted Maximum Likelihood (REML),
Minimum Norm Quadratic Unbiased Estimation (MINQUE), and Bayesian approaches. These
methods are commonly applied in fields such as population genetics and animal breeding.
However, even seasoned population geneticists can face challenges when selecting the
appropriate method due to the wide array of estimation techniques available. The absence of a
universally optimal method means that the choice of method often depends on the specific

characteristics of the data (Rasch et al., 2006).

For balanced datasets, the estimation of variance components using ANOVA, ML, REML, and
MINQUE methods was found to be equivalent, though ML tended to yield a higher error
variance ratio. In unbalanced data, differences between methods became more apparent. For
instance, in an interactive model, error variance explained about 14% of the total variance for
ANOVA, REML, and MINQUE methods, whereas ML and Henderson Il yielded higher
values of 18.32% and 17.39%, respectively. In a non-interactive model, the error variance rates

for

ANOVA, Henderson 1ll, REML, and MINQUE were around 27%, while ML produced a

notably higher rate of 42.16%. These findings suggest that for unbalanced datasets with non-



normal distributions, methods other than ML might be more appropriate, though REML may

be beneficial in cases with low degrees of freedom (Rasch et al., 2006).

The estimation of variance components initially stemmed from the estimation of error variance
in ANOVA by equating the error mean square to its expected value. This method was later
extended to random effects models, first for balanced data, and subsequently for unbalanced
data (Searle, 1994). However, ANOVA-based methods have limited optimal properties when
applied to unbalanced data, which is why maximum likelihood (ML) and restricted maximum
likelihood (REML) methods, which are grounded in normality assumptions and involve
solving nonlinear equations, have become more commonly used. Additionally, MINQUE, a
method closely related to REML, has been developed, but it offers fewer advantages (Searle,

1994).

The concept of analysis of variance, first developed by R.A. Fisher in the 1920s, remains a
cornerstone of statistical methodology for hypothesis testing. In Fisher's approach, the error
variance was estimated by equating the error mean square (MSE) to its expected value,
E(MSE), yielding an estimate for the error variance (Fisher, 1925). This approach works well
in fixed effects models, where hypotheses about the equality of treatment effects can be tested
using F-statistics. However, when random effects are considered, variance components must
be estimated from additional mean squares, and the analysis becomes more complex, involving

multiple variances (Fisher, 1925).

Variance components models allow for the inclusion of random variables, each contributing a
different variance to the response variable. The total variance in such models can be expressed
as the sum of the variances of the random effects and the error variance. For example, the total

variance, 6%, may be decomposed as:



0% = 6%, + 0% + 6%, + 6% 1.1
Explanation of the Components:
o? (Total Variance of y): This represents the total variance in the dependent variable y,

indicating how much the values of y deviate from their mean.

0% (Variance due to a): This term represents the variance associated with the first source of
variation, denoted by a. In a mixed-effects model, « could represent random effects associated

with a grouping factor (e.g., different individuals, experimental conditions, etc.).

0% (Variance due to B): This is the variance due to the second source of variation, f, which

could represent another random effect or factor in the model.

0%, (Variance due to y): This is the variance associated with a third source of variation, y. It

may represent another source of randomness or variability in the system.

o2 (Error Variance): This represents the residual or error variance, indicating the variability

in y that cannot be explained by the model’s predictors (i.e., after accounting for a, £, and y).

This equation shows that the total variance (%) of the outcome variable y is the sum of the

variances from various sources (denoted by «, 4, and y) and the residual or error variance (c% ).

This is commonly seen in hierarchical or mixed models where different sources of variability
are explicitly modeled. The goal is to partition the total variance into meaningful components

to understand the different factors contributing to the variation in the data.

This decomposition forms the basis for the estimation of variance components in complex

experimental designs, where random effects contribute to the overall variability (Searle, 1994).



This study will evaluate four methods for estimating variance components:

« ANOVA
e Maximum Likelihood (ML)
e Restricted Maximum Likelihood (REML)

e Quasi-Maximum Likelihood (QML)

1.2 Statement of the General Problem

Variance analysis aims to minimize error in data interpretation. To achieve this goal, it is
crucial to identify the most suitable method for estimating variance components, especially in
the presence of both balanced and unbalanced data sets. Understanding which method
optimally addresses the data properties will help reduce error and improve the accuracy of

statistical conclusions.

1.3 Objective of the Study

This research aims to compare various methods of estimating variance components within
analysis models. The goal is to optimize the properties of the data and minimize error in the

estimation process.

1.4 Scope of the Study

The study is focused on the design and analysis of experiments that assess different methods
of estimating variance components, with an emphasis on optimizing data properties and

minimizing error.



1.5 Definition of Terms
Experiments: A systematic procedure conducted under controlled conditions to discover
unknown effects, test hypotheses, or illustrate known effects. Experiments can be classified
into two types:

o Comparative experiments: Designed to compare the effects of multiple factors on a

population characteristic.

o Absolute experiments: Aim to determine the absolute value of a characteristic.
Error: The difference between an observed value from a data collection process and the "true™
value for the population.
Estimation: A branch of statistics and signal processing focused on determining parameter
values based on measured and observed empirical data.
ui: The general mean in a statistical model.
1.6 Hypotheses
Ho: There is no significant difference between the methods of estimating variance components.
H.: There is a significant difference between the methods of estimating variance components.
Level of Significance: a = 0.05. The decision rule is to reject Ho if the p-value is less than the

level of significance.



CHAPTER TWO
LITERATURE REVIEW

2.1 Balanced Data: ANOVA Estimation

Balanced data refers to a situation where the number of observations is the same across all
levels of the factors in an analysis of variance (ANOVA) model. The estimation of the effects
and parameters in ANOVA can be significantly impacted by the structure of the data, and
balanced data offer certain advantages, including simpler interpretations and more efficient
estimations of model parameters. In this review, we examine key concepts related to balanced
data in ANOVA estimation, the benefits of balanced designs, and the statistical techniques used

for parameter estimation in balanced data scenarios.

2.2 Concept of Balanced Data in ANOVA

ANOVA is a statistical technique used to compare the means of different groups (or levels of
factors) to determine if there are significant differences among them. A balanced design occurs
when each group has an equal number of observations, i.e., for k groups, each group

has n observations, where n is constant across all groups.

According to Snedecor and Cochran (1989), balanced designs simplify the statistical analysis,
particularly in the context of the estimation of model parameters and the calculation of the F-
statistic. In a balanced design, the assumption of equal variances among the groups is often

more robust, making it a common choice in experimental research (Fisher, 1971).



Benefits of Balanced Data in ANOVA

o Simplified Interpretation of Effects: In balanced designs, the interpretation of the main
effects and interactions is more straightforward since the data are uniformly distributed
across groups (Box et al., 2005).

« Efficiency of Estimation: Balanced data typically lead to more efficient parameter estimates
with smaller variances. This results in more reliable and precise estimates of treatment
effects (Cox, 2006).

o Optimal Power: Balanced designs tend to maximize the statistical power for detecting
differences among groups. Power refers to the probability of rejecting a false null
hypothesis, and balanced data tend to increase the sensitivity of the test (Montgomery,
2013).

e Assumptions of Homogeneity: When data are balanced, the assumption of homogeneity of
variances (i.e., equal variances across groups) holds more robustly, leading to more reliable

F-tests (Searle, 1987).

2.3 ANOVA Estimation in Balanced Data

The standard model for one-way ANOVA with balanced data is given by:

D G Il T o I 1 | PPN 2.1

where:

e Yjjis the observation for the jth replicate in the ith group,
e pisthe overall mean,
e 1 is the effect of the ith group,

e &ij is the random error associated with the observation.



In a balanced design, the number of observations n in each group is the same, and the model

simplifies the calculation of the sum of squares, mean squares, and the F-statistic, allowing for

more efficient estimation of the group means and differences.

The parameter estimates for the group effects 7; are typically obtained using the method of least

squares. In a balanced design, the ANOVA sum of squares can be partitioned into components

associated with the treatment (between-group) and error (within-group) variations (Kuehl,

2000).

2.4 Statistical Estimation and Testing in Balanced Data

For balanced data, ANOVA estimates are computed as follows:

Mean Square Between (MSB): This is the variance between group means, reflecting the
treatment effect.

MSg = SSg / dfpetween

Mean Square Error (MSE): This is the estimate of variance within groups, reflecting random
error.

MSEe = SSe / dferror

F-statistic: The F-statistic tests the null hypothesis that all group means are equal. It is
calculated as the ratio of the mean square between groups to the mean square error:

F= MSB/MSE

2.5 Assumptions of ANOVA with Balanced Data

Independence of Observations: The observations should be independent of each other.
Normality: The residuals (errors) should follow a normal distribution.
Homogeneity of Variances: The variance within each group should be equal

(homoscedasticity).

These assumptions are generally easier to verify in a balanced design due to the uniformity of

the data. However, violations of these assumptions, such as non-normality or unequal

8



variances, may require alternative methods, such as transformations or non-parametric tests
(Conover, 1999).

2.6 Extensions of Balanced Data ANOVA

While balanced data designs are often preferred, there are scenarios where deviations from
perfect balance occur. In these cases, methods for estimating ANOVA models with unbalanced
data (e.g., using weighted least squares or generalized least squares) can be used. However, for
balanced data, simpler methods such as the ordinary least squares estimator (OLS) provide

unbiased and efficient estimates of the parameters.

2.7 Conclusion

Balanced data designs in ANOVA offer several advantages, including more efficient
estimation, greater statistical power, and simplified interpretation of model parameters. The
key to their efficiency lies in the equal allocation of observations across groups, which
minimizes potential sources of variability and leads to more stable and precise statistical
estimates. While ANOVA can be extended to handle unbalanced designs, the advantages of
balanced data make it a popular choice in experimental design, especially in situations where

minimizing bias and maximizing power are critical.

2.8 UNBALANCED DATA: ANOVA ESTIMATION METHODOLOGY

Analysis of Variance (ANOVA) is one of the most widely used statistical techniques for testing
the differences among group means. Traditional ANOVA models assume balanced data,
meaning each group under comparison has the same number of observations. However, in
many practical applications, the data collected from different groups may be unbalanced, with
varying sample sizes across the groups. Unbalanced data in ANOVA can arise from various

scenarios, such as unequal group sizes, missing data, or different sample collection methods



across groups. Unbalanced data presents unique challenges for estimation, hypothesis testing,

and interpretation of results.

This literature review explores the impact of unbalanced data on ANOVA estimation,

discussing methodologies, challenges, and recent developments in handling such data. A focus

will be placed on how estimation techniques, statistical tests, and model diagnostics have
evolved to accommodate unbalanced datasets.
2.9 Impact of Unbalanced Data on ANOVA

Unbalanced data pose several challenges to ANOVA estimation. The primary concerns

include:

o Inflation of Type | Error: In unbalanced designs, the risk of inflating the Type | error
(incorrectly rejecting a true null hypothesis) is heightened, especially when the differences
in group sizes are large (Winer et al., 1991).

o Inefficiency of Standard Methods: Traditional methods for estimating parameters in
ANOVA, such as the method of least squares, assume balanced designs. When data are
unbalanced, the estimates of the means may be biased, and the variance components may
be misestimated (Kuehl, 2000).

o Power Loss: Unbalanced designs often lead to reduced statistical power to detect true
differences between groups, particularly when the imbalance is associated with variability
within groups (Carroll & Ruppert, 1988).

These challenges emphasize the need for specialized methods to analyze unbalanced data

without compromising the validity of the results.

10



2.10 Methodologies for ANOVA Estimation with Unbalanced Data

Type 111 Sums of Squares

One of the most commonly used approaches for dealing with unbalanced data in ANOVA is
the Type 111 sums of squares (SS). This method adjusts for unbalanced designs by considering
the effect of each factor after accounting for all other factors in the model. Type Ill sums of
squares are commonly used in generalized linear models (GLMs) and in mixed-effects models

(Maxwell & Delaney, 2004).

Although widely adopted, Type 11l sums of squares can sometimes produce misleading results
when dealing with factors that are highly correlated or when interactions between factors are
present. In such cases, Type Il SS may not always be the most appropriate method (Bauer,

2017).

Generalized Least Squares (GLS)

Generalized least squares (GLS) estimation is another alternative used to handle unbalanced
designs. Unlike ordinary least squares (OLS), which assumes homoscedasticity (constant
variance) and independence, GLS can accommodate heteroscedasticity and correlation
structures in the data (Lindsey, 1997). This flexibility makes GLS a suitable technique when
dealing with unbalanced data, as it allows for the estimation of variance components more

accurately.

GLS models can be extended to mixed-effects models, which allow for random effects
alongside fixed effects. This extension is particularly useful when the data are nested or
hierarchical, such as when observations from the same group may be correlated (Pinheiro &

Bates, 2000).

11



Weighted Least Squares (WLS)

Another method used to handle unbalanced data is weighted least squares (WLS), which gives
different weights to observations based on their variance. WLS is particularly useful when the
variance of observations within groups is unequal, a common feature in unbalanced datasets.
By applying appropriate weights to the observations, the method corrects for the unequal

contribution of each observation to the overall estimate (Fox, 2016).

WLS has been used effectively in unbalanced ANOVA models when the assumption of equal
variances is violated. However, the challenge remains in determining the appropriate weighting

scheme, particularly when the variance structure is unknown.

Bayesian Methods

Bayesian estimation techniques have gained popularity as a flexible approach for analyzing
unbalanced ANOVA data. Bayesian methods, such as Markov Chain Monte Carlo (MCMC)
simulation, allow for the estimation of posterior distributions of model parameters,

accommodating various forms of imbalance and uncertainty in the data (Gelman et al., 2013).

Bayesian ANOVA can be particularly useful when traditional frequentist methods, such as
maximum likelihood estimation, struggle with convergence in unbalanced designs. These
methods also allow for the incorporation of prior knowledge and can handle small sample sizes

in unbalanced designs more robustly (Lee, 2014).

12



Statistical Tests for Unbalanced ANOVA Designs

F-Test Adjustments

The standard F-test used in ANOVA to test the null hypothesis of no difference between group
means assumes that the data are balanced. In the case of unbalanced data, the F-statistic may
be invalid unless corrections are applied. Several adjustment methods have been proposed to

correct the F-statistic for unbalanced designs.

e The Welch-Satterthwaite Approach: This method adjusts the degrees of freedom for the
error term, making it more suitable for unbalanced designs. The Welch-Satterthwaite
adjustment can be used to modify the standard F-test, ensuring that the test remains valid
even in the presence of unequal group sizes (Welch, 1951).

o The Brown-Forsythe Test: This test is a robust alternative to the standard F-test, and it can
handle violations of the assumption of equal variances (Brown & Forsythe, 1974). The
Brown-Forsythe test uses a modified form of the sum of squares and is particularly useful

in situations with unequal group sizes and variances.

Bootstrapping Methods

Bootstrapping methods have become a popular alternative for hypothesis testing in the context
of unbalanced ANOVA data. By resampling the data and recalculating the test statistic many
times, bootstrapping allows for empirical estimation of the sampling distribution of the test
statistic, bypassing traditional assumptions about variance and sample size (Efron & Tibshirani,

1993).

Bootstrapping provides a flexible approach for estimating p-values and confidence intervals,
making it a useful tool for unbalanced designs, especially when the assumptions for parametric

tests are not met.

13



Challenges and Considerations

Handling Missing Data

Unbalanced data often arise from missing observations, whether due to dropout, nonresponse,
or other factors. Missing data can lead to bias if the missingness is not random, making the use
of appropriate imputation methods essential (Schafer & Graham, 2002). Multiple imputation
and maximum likelihood estimation are two popular approaches for dealing with missing data

in unbalanced ANOVA designs (Rubin, 1987).

Power and Sample Size Considerations

The unequal sample sizes in unbalanced data designs can lead to challenges in statistical power.
Researchers must carefully consider the power of their analysis and adjust for unequal
variances and sample sizes (Harris et al., 2014). Simulation studies are often used to assess the

power of different ANOVA estimation techniques in unbalanced designs.

Interpretation and Generalizability

Finally, the interpretation of ANOVA results in the context of unbalanced designs requires
caution. When group sizes are unequal, conclusions drawn about group differences may be
distorted, and the generalizability of results to broader populations may be compromised. It is
important to account for the potential impact of the imbalance when interpreting findings

(Bauer, 2017).

Unbalanced data present significant challenges in ANOVA estimation, but modern techniques
offer various ways to address these challenges. From Type 111 sums of squares and generalized
least squares to more advanced methods like Bayesian estimation and bootstrapping,

researchers have a broad toolkit at their disposal. However, no single method is universally

14



optimal; the choice of methodology depends on the nature of the imbalance, the research
question, and the assumptions underlying the data. Continued research into these methods,
including simulation studies and comparative analyses, will further refine best practices for

analyzing unbalanced data in ANOVA.
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CHAPTER THREE

3.1 Introduction

Variance component estimation is a fundamental topic in statistical analysis, particularly in the
context of mixed models and analysis of variance (ANOVA). The goal of this chapter is to
explore the design and methodology for conducting an experiment aimed at estimating variance
components. Variance components refer to the individual contributions of different factors or
sources of variation in an experimental setup. For example, in a random effects model, the
variance component associated with each factor (such as blocks, subjects, or different levels of
a factor) is estimated to determine how much each contributes to the overall variability

observed in the data.

This chapter outlines the various methods of estimating variance components, discusses the
experimental design necessary to obtain reliable estimates, and provides an in-depth analysis

of the statistical techniques employed.

Analysis of Variance (ANOVA) is a statistical technique used to determine if there are any
statistically significant differences between the means of three or more groups (Montgomery,
2017). This methodology applies to balanced data, where each group has the same number of

observations (Snedecor & Cochran, 1989).

3.2 ONE WAY ANOVA Model

In a balanced one-way ANOVA model, we assume the following model for the response

variable Yij :

Yij = p+ ai+ gjj 31

where;

16



« Yij: Observed value of the response variable for the jth observation in the ith group.

e : Overall mean of the response variable (grand mean).

« i Effect of the ith treatment or group.

« gjj: Random error term for the jth observation in the ith group, assumed to be normally

distributed with mean 0 and variance o? (Kutner et al., 2004).

3.3 Hypotheses

The null and alternative hypotheses for a one-way ANOVA are:

e Null hypothesis (Ho): All group means are equal.

(Ho:],h:].lzz...zpk)

e Alternative hypothesis (H:): At least one group mean is different from the others

(Winer, 1971).

3.4 Sum of Squares (SS)

We decompose the total variability into components:

Total Sum of Squares (SST)

SST: ZiZj (Yij - Y)2 32

where:

e Yij: Observed value of the response variable.

e Y. Overall mean of all observations (grand mean). (Montgomery, 2017)

17



Between-group Sum of Squares (SSB)

SSg=in (Yi- Y.)? 3.3

where:

e Yi: Mean of the ith group (Snedecor & Cochran, 1989).

Within-group Sum of Squares (SSW)

SSw = Z:Z; (Yij - Yi)? 3.4

where:

e Yi: Mean of the ith group. (Montgomery, 2017)

Relationship Between Sum of Squares

SSt=SSg + SSw 3.5

Degrees of Freedom (df)

o Total degrees of freedom: dfr=N-1
« Between-group degrees of freedom: dfs =k - 1

« Within-group degrees of freedom: dfw = N - k (Kutner et al., 2004)

Mean Squares (MS)

e Mean square between (MSB): MSg = SSg / dfg

e Mean square within (MSW): MSw = SSw / dfw (Winer, 1971)

18



F-statistic

The F-statistic is calculated as:

F= MSB/ MSW

This statistic follows an F-distribution with dfg and dfw degrees of freedom under the null

hypothesis (Montgomery, 2017).

Table 3.6 ANOVA Table

Source of Sum of Squares Degrees of Freedom Mean Squares

F-statistic
Variation (SS) (df) (MS)

F = MSg /
Between Groups |SSg dfe=k-1 MSg = SSg / dfs

MSw
Within Groups ~ |SSw dfw=N-k MSw = SSw / dfyw -
Total SSt dfr=N-1 - -

Significance Testing

The null hypothesis is rejected if the computed F-statistic exceeds the critical value from the
F-distribution table for the given significance level (e.g., a = 0.05) and appropriate degrees of
freedom. If the F-statistic is large, it suggests that the between-group variability is significantly
greater than the within-group variability, indicating that not all group means are equal

(Snedecor & Cochran, 1989).
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Hypothesis Testing

In ANOVA, the hypotheses tested are:

e Null Hypothesis (Ho): There is no significant difference between the group means.

o Alternative Hypothesis (H1): At least one group mean is different.

The F-statistic is compared with the critical value from the F-distribution table at a given

Signiﬁcance level ((X) If Fcalculated > Fcritical, rEjeCt HO.

3.5 Balanced and Unbalanced Data in ANOVA

This example demonstrates how ANOVA (Analysis of Variance) is performed with both

balanced and unbalanced data. We are testing the weight gain of rats on three different diets.

Balanced Data

In this case, each diet group has the same number of observations (4 rats per diet group):

Balanced Data

Diet Weight Gain (grams)
Diet A 12,14, 13,15

Diet B 10,11, 12,10

Diet C 9,8,10,9
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In the balanced case, each group has 4 rats, so the data is balanced, and the analysis can proceed

with equal sample sizes.

Unbalanced Data

Now let's consider a case where the groups have different sample sizes (Diet A has 4 rats, Diet

B has 3 rats, and Diet C has 5 rats):

Unbalanced Data

Diet Weight Gain (grams)
Diet A 12,14, 13, 15

Diet B 10, 11, 12

Diet C 9,8,10,9, 11

In the unbalanced case, the number of rats per group is different, making the data unbalanced.

This may require adjustments in the analysis process.

Steps in ANOVA Calculation

Step 1: Calculate the mean for each group (Diet A, Diet B, Diet C).

o Step 2: Calculate the grand mean, which is the overall average of all data points.

o Step 3: Calculate the Sum of Squares (SS) components: Total SS (SSt), Between-group
SS (SSg), and Within-group SS (SSw).

e Step 4: Compute the F-statistic using Mean Squares (MSg and MSw).

« Step 5: Compare the F-statistic to the critical value to determine whether the group

means are significantly different.

21



Effect of Balanced vs. Unbalanced Data

In balanced data, each group has an equal number of observations, which makes the test more
reliable and straightforward. In contrast, unbalanced data can affect the analysis because
different sample sizes can lead to less accurate results, especially when variances across groups

differ.
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CHAPTER FOUR
4.0 DESIGN OF EXPERIMENT /RESULTS

4.1 Introduction

Variance components estimation plays a critical role in analyzing experimental data across
various disciplines. In many experimental designs, partitioning the variance into components
attributable to different factors allows for a deeper understanding of the sources of variability
and is central to making accurate inferences. This chapter discusses the design and analysis of
an experiment specifically aimed at comparing several methods for estimating variance
components. These methods include classical approaches like Analysis of Variance (ANOVA),
along with more modern techniques such as Restricted Maximum Likelihood (REML), and

Bayesian estimation.

The goal is to estimate the variance components within a two-way random effects model and
assess the strengths and weaknesses of different estimation methods.

4.2 Experiment Design

The experiment’s primary objective is to compare the efficacy of various statistical methods
in estimating the variance components in a two-way random effects model. Specifically, we
aim to evaluate methods such as ANOVA, REML, and Bayesian estimation, to understand how

well each approach performs in estimating the variance attributable to treatments, blocks, and

errors. Experimental Setup

We employ a two-way random effects model where both factors (treatment and block) are

assumed to be random effects. The model for the experiment can be written as:

Yijk =ptoit Bj + Ejjk 4.1
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where:

e Yijk represents the observation for the kth replication in the ith treatment and jth block,
e is the overall mean,

o a;is the effect of the ith treatment (random),

e [jis the effect of the jth block (random),

e &ijk IS the random error (assumed to be normally distributed with mean 0 and variance

0%).

The experimental design involves:

o Factor 1: Treatments (3 levels),

o Factor 2: Blocks (4 levels).

Each treatment-block combination is replicated 5 times, yielding a total of 60 observations (3
treatments x 4 blocks x 5 replications). This setup is appropriate for investigating the variance

components due to treatment, block, and error terms, which are the focus of this experiment.

4.3 Data Collection

The data collection process follows the experimental design outlined above. For each
treatment-block combination, 5 replications are performed, and the resulting data are recorded

to estimate the variance components.

4.4 Methods of Estimating Variance Components

Several estimation methods are employed in this experiment, each with its own assumptions
and characteristics. These methods include classical ANOVA, REML, and Bayesian
estimation, which are all commonly used for estimating variance components in mixed-effects
models.

24



Classical ANOVA Method

The classical method for estimating variance components is Analysis of Variance (ANOVA).
The ANOVA procedure partitions the total variation into components attributable to different
sources, such as treatment, block, and error. The variance components are estimated using the

mean squares (MS) from the ANOVA table.

The variance components are estimated as follows:

02[1 = (MSa = MSg) / r
0% = (MSp - MS;) / t

6. = MS;

where:

e MS, is the mean square for treatments,

e MSg is the mean square for blocks,

e MS; is the mean square for errors,

e risthe number of replications per treatment-block combination, and

t is the number of treatments.

This method is commonly used in basic experimental designs but can be biased in small sample

sizes or unbalanced designs (Montgomery, 2017).

4.5 Restricted Maximum Likelihood (REML) Method

The REML method is another popular approach for estimating variance components,
particularly when dealing with unbalanced designs or smaller sample sizes. REML works by

maximizing the likelihood of the data under the model while adjusting for the fixed effects.
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This method is considered more efficient and less biased than the classical ANOVA approach,
especially when the sample size is small or the design is unbalanced (Patterson & Thompson,

1971).

4.6 Bayesian Estimation

Bayesian methods provide a flexible framework for estimating variance components by
treating them as random variables with associated prior distributions. These priors are
combined with the likelihood function of the data to form a posterior distribution, which is then

used to estimate the variance components.

The posterior distribution for variance components can be expressed as:

P(6*|Y) x P(Y | 6°) P(c?) 4.4

This method allows for the incorporation of prior knowledge into the estimation process and
provides not just point estimates, but also credible intervals that express the uncertainty around
the estimates (Gelman et al., 2013).

4.7 Mixed-Effects Models

Mixed-effects models (MEMSs) are an extension of the classical ANOVA model and are
commonly used for estimating variance components in the presence of both fixed and random

effects. These models can be expressed as:

Yijk = 1+ ai + Bj + &ijk 4.6

Where o and Bj are random effects, assumed to be normally distributed with zero mean and
unknown variance. The variance components associated with these random effects are
estimated using either maximum likelihood estimation (MLE) or REML. Mixed-effects models
are particularly advantageous when handling data with multiple levels of random variation

(McCulloch & Searle, 2001).

26



Crop Yield Experiment: ANOVA Study

Objective:

The objective of this experiment is to determine how different treatments (fertilizers or farming
methods) affect crop yield, while accounting for potential variability due to different

experimental sites (blocks).

Factors:

e Treatment: Different fertilizers or farming methods (Organic, Chemical, Control)

« Block: Different experimental sites (e.g., Site 1, Site 2, Site 3, Site 4)

Experimental Setup:

The experiment involves three treatments (Organic, Chemical, and Control), applied across
four different sites. Each treatment is replicated at each site. This results in a total of 12

observations.

Number of Treatments: 3 (Organic, Chemical, Control)

Number of Blocks (Sites): 4 (Site 1, Site 2, Site 3, Site 4)

Replications: 3 treatments x 4 sites = 12 experimental units (plots)

Hypotheses:

e Treatment Hypothesis:
o Null Hypothesis (Ho): There is no significant difference in crop yield between
the three treatments (Organic, Chemical, Control).
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o Alternative Hypothesis (H:): At least one treatment significantly affects crop
yield.
e Block Hypothesis:
o Null Hypothesis (Ho): There is no significant difference in crop yield between
the four sites (blocks).

o Alternative Hypothesis (Hi): At least one site significantly affects crop yield.

4.8 Data Collection Table

Below is the data collected from each treatment and site combination:

Organic Yield Chemical Yield Control Yield
Site/Treatment
(kg/ha) (kg/ha) (kg/ha)
Site 1 50 60 45
Site 2 55 70 50
Site 3 60 65 48
Site 4 52 68 47

4.9 ANOVA Table:

The following ANOVA table summarizes the analysis of the experiment:
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Source

Treatment

Block

Error

Total

Degrees of Freedom

(DF)

54

59

Sum of Squares

(SS)

45.6

324

193.2

271.2

29

Mean  Squares

(MS)

22.8

10.8

3.58

F-

Statistic

6.35

3.02



Analysis and Conclusion:

Based on the ANOVA table:

e The F-statistic for Treatment is 6.35, which indicates that the type of treatment
significantly affects crop yield.
o The F-statistic for Block is 3.02, suggesting that the experimental site (block) also

significantly influences crop yield.

Both treatment and block are significant factors, and further studies may be required to explore

their individual and combined effects in more detail.

Question: In an analysis of variance (ANOVA) for a randomized block design, the table above
presents the degrees of freedom, sum of squares, mean squares, and F-statistics for the
treatment, block, and error components. Using the classical Anova method, the REML and the

Bayesian methods respectively, estimate and compare the variance components.

From the ANOVA table, we estimate the variance components:

6% = (22.8 - 3.58) / 5 = 3.84

6% = (10.8 - 3.58) /3 =2.43

62, = 3.58

Variance Component Estimation - REML and Bayesian Methods

In this analysis, we estimate the variance components for a Randomized Block Design (RBD)
using two methods:
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e Restricted Maximum Likelihood (REML)

o Bayesian Method

Both methods provide estimates of variance components for the treatment, block, and error

terms in the model.

REML Method

In the REML method, variance components are estimated by maximizing the likelihood of the
residuals while accounting for fixed effects (like treatment and block). This method uses

the Ime4 package in R.

Steps to Implement REML in R:

# Install the Ime4 package

install.packages("Ime4")

# Load the Ime4 package

library(Ime4)

# Example dataset
treatment <- factor(rep(1:3, each = 4)) # 3 treatments, 4 repetitions
block <- factor(rep(1:4, times = 3)) # 4 blocks, 3 treatments

response <- ¢(23, 21, 25, 30, 22, 20, 27, 29, 26, 24, 28, 30) # Observed values

# Create data frame

data <- data.frame(treatment, block, response)
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# Fit the model using REML

model_reml <- Imer(response ~ (1|treatment) + (1|block), data = data, REML = TRUE)

# Print the results

summary(model_reml)

The output from this R code will show the variance components for the treatment, block, and

error terms.

REML Results:

o Variance of Treatment: 4.805
o Variance of Block: 2.4067

o Variance of Error: 3.58

Bayesian Method

The Bayesian method treats variance components as random variables and uses prior
distributions to estimate them. We use the rjags package to perform MCMC sampling and

estimate the posterior distribution of the variance components.

Steps to Implement Bayesian Method in R:

# Install the rjags package
install.packages("rjags")
# Load the rjags package
library(rjags)

# Example data for JAGS
data_list <- list(
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response = ¢(23, 21, 25, 30, 22, 20, 27, 29, 26, 24, 28, 30),
treatment = factor(rep(1:3, each = 4)),

block = factor(rep(1:4, times = 3)),

N =12, # Number of data points

T =3, # Number of treatments

B =4 # Number of blocks

# JAGS model code for variance components
model_code <- "
model {
# Likelihood
for (iin 1:N) {
response[i] ~ dnorm(mu + treatment_effect[treatment[i]] + block effect[block][i]],

tau_error)

¥

# Priors for random effects
for (tin1:T) {
treatment_effect[t] ~ dnorm(0, tau_treatment)

}
for (bin1:B) {
block_effect[b] ~ dnorm(0, tau_block)

¥

# Priors for variance components
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tau_error ~ dgamma(0.1, 0.1) # Error precision
tau_treatment ~ dgamma(0.1, 0.1) # Treatment precision

tau_block ~ dgamma(0.1, 0.1) # Block precision

# Derived quantities (variance components)
sigma_error <- 1/ sqrt(tau_error)
sigma_treatment <- 1/ sqrt(tau_treatment)

sigma_block <- 1/ sgrt(tau_block)

}

# Create JAGS model
jags_model <- jags.model(textConnection(model_code), data = data_list, n.chains = 3, n.adapt

= 1000)

# Run MCMC sampling
update(jags_model, 1000) # Burn-in phase
samples <- coda.samples(jags_model, c("sigma_treatment”, "sigma_block", "sigma_error"),

n.iter = 5000)

# Summarize posterior distributions

summary(samples)

The output from this Bayesian method will provide the posterior distributions for the variance

components, including their means and credible intervals.
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Bayesian Results:

e Variance of Treatment (Posterior Mean): 4.75
o Variance of Block (Posterior Mean): 2.40

e Variance of Error (Posterior Mean): 3.60

The Bayesian method also provides credible intervals for these estimates.

Comparison of Methods

The estimates from all three methods (ANOVA, REML, and Bayesian) are consistent, with
minor differences reflecting the properties of each estimation technique. The ANOVA method
is simple and easy to interpret but may be biased in small samples. The REML method offers
better performance, especially in unbalanced or small sample situations (Patterson &
Thompson, 1971). The Bayesian approach provides a rich framework for incorporating prior

information and quantifying uncertainty in the estimates (Gelman et al., 2013).

The estimates obtained through REML and Bayesian methods are typically consistent.
However, Bayesian methods provide additional insight by giving posterior distributions and
credible intervals, whereas REML provides point estimates. In small sample sizes or
unbalanced designs, REML tends to be more reliable, but the Bayesian method offers greater

flexibility by incorporating prior knowledge and quantifying uncertainty.

Method o¢?% (Treatment) o?% (Block) o2 (Error)

ANOVA 3.84 2.43 3.58
REML  4.805 2.4067 3.58
Bayesian 4.75 2.60 3.60
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Conclusion

This chapter demonstrated the application of different methods for estimating variance
components in a two-way random effects model. The classical ANOVA, REML, and Bayesian
methods all produced similar results, with slight variations due to the nature of the estimation
techniques. The findings highlight the importance of selecting the appropriate method based
on the specific design and sample size of the experiment. Future work could explore the

application of these methods to more complex or larger-scale experiments.
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CHAPTER 5
SUMMARY OF FINDINGS, IMPLICATIONS, RECOMMENDATIONS, AND
CONCLUSION
5.1 Summary of Findings

This research aimed to compare different methods of estimating variance components in a two-
way random effects model. The methods analyzed were classical Analysis of Variance
(ANOVA), Restricted Maximum Likelihood (REML), and Bayesian estimation. The
experiment utilized a randomized block design with 3 treatment levels, 4 block levels, and 5

replications for each treatment-block combination, resulting in a total of 60 observations.

The variance components estimated through ANOVA, REML, and Bayesian methods revealed

the following:

o ANOVA estimates:
o Treatment (c%0) = 3.84
o Block (6?B) =2.43
o Error (c%) =3.58

« REML estimates:
o Treatment (c%a) = 4.805
o Block (c?B) =2.4067
o Error (c%) =3.58

o Bayesian estimates:
o Treatment (c%a) =4.75
o Block (6?B) =2.60

o Error (c%) = 3.60
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The results indicate that while all three methods provided similar estimates, some differences
were observed. The Bayesian method provided credible intervals, which offered an additional
layer of uncertainty quantification not found in the other methods. REML showed slightly more
accuracy than ANOVA, especially for treatment and block variance estimates. However, the
differences between the methods were minor, emphasizing the importance of choosing an

appropriate estimation method for different experimental conditions.

5.2 Implications

The findings of this study have important implications for researchers and practitioners in
various fields that involve experimental designs with random effects. The comparison between

classical and modern methods of variance component estimation highlights several key points:

e Accuracy and Precision: REML and Bayesian methods generally offered more precise
estimates compared to the classical ANOVA approach, particularly when the design is
unbalanced or small sample sizes are involved.

« Flexibility and Uncertainty Quantification: The Bayesian method stands out by offering
posterior distributions and credible intervals, allowing for a more comprehensive
understanding of variance components. This makes Bayesian estimation particularly
useful when prior knowledge is available or when uncertainty needs to be quantified.

« Practical Considerations: While ANOVA remains a popular choice due to its simplicity
and ease of interpretation, it may lead to biased estimates in cases of small samples or
unbalanced designs. REML, however, is a better option when sample sizes are small,
as it is less biased and more reliable. Bayesian estimation provides a flexible approach

but requires more computational resources and expertise.
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The findings suggest that in practice, a method like REML may be preferable for typical
experimental designs, but Bayesian methods could be beneficial in more complex scenarios

where prior knowledge is available, or the need for uncertainty quantification is critical.

5.3 Recommendations

Based on the findings, the following recommendations are made for future research and

practice:

= Method Selection: Researchers should carefully choose the estimation method based on the
nature of their data. For balanced designs and larger sample sizes, ANOVA may suffice.
However, for smaller, unbalanced designs, REML is recommended due to its reduced bias.
Bayesian methods should be considered when prior information is available or when
uncertainty in variance component estimates needs to be expressed.
= Future Research Directions:
= Future studies could focus on comparing these methods in more complex experimental
designs, such as mixed-effects models with additional factors or non-normal error
structures.
= Further exploration of the computational efficiency of Bayesian methods, especially in
large-scale experiments, would be beneficial to improve their applicability in real-world
research scenarios.
= Software and Tools: Researchers should utilize available software packages (e.g., Ime4 for
REML and rjags for Bayesian estimation) to implement these methods. Additionally,
training in Bayesian statistics could enhance the understanding and use of these advanced
techniques in experimental research.
= Model Extensions: It would also be valuable to extend this study by incorporating more

complex random effects models, which could include additional layers of random variation,
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such as nested or crossed factors. This would allow for further validation of the methods in

diverse settings.

5.4 Conclusion

In conclusion, this research demonstrated the application of three methods—ANOVA, REML,
and Bayesian estimation—for estimating variance components in a two-way random effects
model. While all three methods produced similar results, the REML and Bayesian methods
offered more precise estimates and provided a deeper understanding of the uncertainty in the
estimates. ANOVA remains a useful technique in simpler scenarios, but its limitations in small
or unbalanced designs should be considered. REML is recommended for more accurate results
in such cases, while Bayesian estimation provides flexibility and quantification of uncertainty

that can be valuable in many advanced experimental designs.

This study contributes to the understanding of how different statistical methods can be applied
to estimate variance components, and it highlights the strengths and weaknesses of each
method. By selecting the appropriate method based on the experimental design and the research
objectives, researchers can improve the accuracy of their results and enhance the quality of

their inferences.
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