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ABSTRACT 
 

 

Human microbial research has become increasingly popular in biomedical areas due to the 

importance of role of human microbiome in human health. One purpose of studying human 

microbiome is to detect differentially abundant features from a limited group of subjects across 

biological conditions. Metagenomic analyses of the human microbial communities are 

extensively used for biomedical applications due to its reliable and evident comparative 

discoveries across more than one metagenomes when multiple communities are taken into 

consideration. Next-generation sequencing technology helps to detect taxonomic compositions of 

specific features/species contained in human microbial communities. Statistical analysis often 

starts by generating the Operational Taxonomic Units (OTUs) using taxonomic compositions to 

classify groups of closely associated human microbiomes. Oftentimes, the counts of features are 

observed as matched count data with excess zeros. Such data lead some differential abundance 

analysis methods to apply Zero-Inflated Poisson (ZIP) or Zero-Inflated Negative Binomial 

(ZINB) regression for modeling the microbial abundance. However, over-dispersion as well as 

within-subject variation and correlation of matched count data render the standard ZIP and ZINB 

regression inadequate. To account for the inherent within-subject variation and correlation, 

independent random effect terms are commonly included in the regressions. Therefore, a robust 

method that accounts the effect of matched samples and correlated random effects while 

considering over-dispersion and excess zeros of count data is need for statistical analysis. In this 

paper, a statistical method, the two-part correlated ZINB model with correlated random effects 

(cZINB), is proposed for testing the matched samples with repeated measurements.  
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CHAPTER 1 
 

Introduction and Background 
 

1.1   Background 

Many types of human diseases such as cancer and bowel disease are highly associated with 

human microbial communities (Burns et al., 2015). Identification of important microbial taxa can 

provide insights into etiology of disease. Moreover, the association among microbial 

communities as well as changes in human microbiomes are highly valuable in biomedical 

applications. Traditional analyses of microbial genomes require a culturing process. However, it 

is estimated that less than 1% of microbes are able to be cultured in laboratory (Schloss PD. & 

Handelsman J. 2004) due to interactions among microbes and the presence of other organisms. 

These difficulties often lead to failure in conventional sequencing prohibiting further statistical 

analysis. Metagenomic approaches, different from traditional microbiology, has been rapidly 

expanding. In this approach, both DNA and RNA sequence information using genetic material 

from multiple microbial communities in different environmental samples form the basis for 

analysis. In contrast to traditional genomic analysis, metagenomic analyses (Schloss and 

Handelsman et al., 2005) study multiple genomes from multiple organism in communities 

obtained by direct sequencing from host-associated environmental samples or clinical samples 

irrespective of the ability to culture microbes in laboratory. Metagenomics obviates the need for 

culturing to gather the necessary information from environmental samples in considering 

associations within microbial communities. 

In the application of metagenomics, either matched or independent samples are assumed 

for statistical analysis. It is very common and convenient to use independent samples to 
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investigate microbial differences between healthy and diseased data groups. Independent 

samples assume no correlation between measurements collected from different patients across 

data groups. However, independence is a strong assumption which might be violated since the 

composition of human microbial communities is strongly affected by many factors such as 

environments, host genes, and the presence of other organisms. In comparison, matched sample 

studies control these factors internally by taking samples from the same subject. The addition 

power available from matched samples as the capability to provide additional insight from the 

data. 

 

1.2   Sequencing Techniques 

Next-generation or high-throughput DNA and RNA sequencing technology have been 

widely applied in metagenomics studies. 16S Ribosomal RNA sequencing (16S rRNA), one of 

the most popular next-generation sequencing technologies, has been used to identify the 

diversities of microbes in organisms and thereby study the relationships among them (Clarridge 

JE. 2004). There are many advantages of using 16S rRNA sequencing comparing to 

conventional techniques. For example, hypervariable regions in the ribosomal RNA (rRNA), 

found in all living cells, can demonstrate considerable sequence diversity among different 

bacteria. This property is highly useful in the bacterial identification process. In addition, rRNA 

sequencing techniques are relatively fast and bypass conventional methods like the culturing of 

microbial cells, which take long time to provide sufficiently accurate results. In addition, 16S 

rRNA sequencing is a relatively inexpensive profiling technique. However, the high sequence 

similarity between some Mycobacterium species constituted a major limitation of 16S rRNA 

sequencing.  
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. In these circumstances, alternative gene targets, such as hsp65, may be required for 

species identification (Lau, Curreem, et al., 2011). Another popular sequencing technology, 

shotgun sequencing technology, can be used to sequence all the microbial genomes of a 

particular sample. Both of these sequencing technologies have a broad range of applications 

(Holst-Jensen A. & Spilsberg B. et al., 2016) in human metagenomics studies including 

characterization of taxa, taxonomical analysis, species identification and differential abundance 

analysis. 16S rRNA sequencing is also well suited for the analysis of large number of samples, 

for longitudinal studies, etc. It has a limitation on taxonomical resolution. On the other hand, 

shotgun sequencing, though more expensive, offers increased resolution and enables more 

specific taxonomic classification of sequences (Franzosa et al., 2015; Jovel et al., 2016).  

 

1.3   Metagenomics Data Analysis 

In real life cases, metagenomics data must accommodate some degrees of correlation from the 

same subject between repeated measurements or across different time points. Therefore, in 

differential abundance analysis, addressing this correlation for both matched data or longitudinal 

data is vital to the study of microbial abundance changes across multiple measurements and its 

association with related covariates. However, many existing statistical methods analyzed 

differential abundant features fail to consider these correlations relying on an overly simple 

mathematical properties and algebraic calculations (Zhang et al., 2016). This simplification could 

lead to misinterpretation of data and failure in investigating the strength of within-subject effect. 

Previously developed methods for analyzing data structure with inherent correlation each 

have their own limitations. One type of data structure often analyzed for metagenomics study is 

longitudinal data. These studies consider the correlation between measurements across different 
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time points. For example, the MetaDprof method was developed to detect differentially abundant 

features by comparing different biological conditions across time (Luo et al., 2016). However, 

the neither variation of metagenomics counts nor correlation between control and disease groups 

are not taken into consideration. In 2002, two methods were developed for repeated measures 

data with preponderance of zeros. Tooze et al., 2002 proposed a mixed distribution model with 

correlated random effects based on Lachenbruch et al.’s work on cross-sectional data in 1976 

and Grunwald et al.’s work on time series data in 2000. In the same year, a combined model that 

includes logistic modeling, normal distribution, and left censoring was introduced by Berk et al., 

2002. However, both methods assumed that data follow a lognormal distribution which is not 

suitable for metagenomics discrete count data. This motivates us to develop an appropriate 

method for analyzing matched metagenomics count data with excess zeros and correlated 

random effects. 

 

1.3.1   Zero-Inflated Model 

In general, excess zeros are routinely encountered in metagenomics sequencing count data. 

These zero counts are encountered for two main reasons: 1) the feature (e.g., species) does not 

exist in the microbial community at all or 2) feature is less abundant and the sampling depth is 

not sufficient.  To deal with excess zeros, Zero-Inflated Poisson model was first introduced by 

Lambert et al. in 1992. Zero-Inflated model is a mixture of two separate distributions: point mass 

distribution for zero count only and ordinary count distribution, which is used to model ordinary 

counts.. The two most commonly used ordinary count distributions for discrete data are Poisson 

and Negative Binomial distributions. Thus, there are two common types of Zero-Inflated models: 

Zero-Inflated Poisson (ZIP) and Zero-Inflated Negative Binomial (ZINB) models.  
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The Zero-Inflated Poisson (ZIP) distribution is a mixture of two components that 

correspond to two zero generating processes. For the Poisson distribution, the conditional mean 

and conditional variance are equal. However, in most real-life cases, the data are over dispersed, 

meaning that the conditional variance of count data sets is greater than the conditional mean. 

This may cause biased parameter estimates and underestimated standard errors. The Zero-

Inflated Negative Binomial (ZINB) model contains a negative binomial distribution as an 

ordinary count distribution which enables a greater flexibility in modeling than the ZIP model 

since conditional mean and conditional variance are not equal. Due to its capability of addressing 

over-dispersion and its less restricted parameter assumptions. The ZINB model can have a better 

fit than the ZIP model. 

 

1.3.2   Previous Methods 

To account for subject-to-subject variation and correlation among measurements within a subject, 

a number of recent Zero-Inflated methods (Fang et al., 2016, Moghimbeigi et al., 2018, Chen et 

al., 2016) have been extended to include random effects in a two-part regression model. A Zero-

Inflated Negative Binomial (ZINB) mixed model was introduced by Fang in 2016 to analyze 

metagenomics count data for different sample groups under an assumption that independent 

processes generate the extra zeros and ordinary counts. Whereas, Moghimbeigi developed a 

multi-level ZINB regression to detect hierarchical clustered differential abundance between two 

provinces while having cluster levels nested under provinces and subject levels under clusters. 

Although correlations at different levels are considered in the multilevel regression, normally 

distributed random effects at both cluster and subject level are assumed to be independent. In a 

similar manner, independent random effects were also applied in two-part mixed-effects Zero-
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Inflated Beta Regression (ZIBR) regression which was introduced by Chen in 2016 for modeling 

longitudinal microbiome data. All three methods include independent random effects in their 

regression models to address variation and correlation between measurements. They fail to 

include in their model any correlation between the two-part regressions that generate zero and 

non-zero counts. 

The purpose of this paper is to develop a statistical model that can be used to detect 

statistically significant difference in abundance of matched data under large proportions of zeros 

while considering within-subject correlation and the correlation between two count generation 

processes in zero-inflated model. This paper proposes a mixed-effect correlated zero-inflated 

negative binomial method (cZINB), which combines a logistic regression component and a 

negative binomial regression component with correlated random effects at subject level. 
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CHAPTER 2 
 

Methods 
 

 

2.1   Model Settings 

A Zero-Inflated Negative Binomial regression model is consisted of a data generation process for 

extra zeros only and a data generation process for ordinary zero and non-zero counts. The 

determination of using either process is estimated in a Bernoulli trial with a Zero-Inflation 

probability 𝜋𝜋𝑖𝑖𝑖𝑖 for each observation j of subject i. A discrete count response variable, Yij, in the 

second data generation process is assumed to follow Zero-Inflated Negative Binomial (ZINB) 

distribution. Let 𝑌𝑌𝑖𝑖𝑖𝑖(𝑖𝑖 = 1,2, …  ,𝑁𝑁, 𝑗𝑗 = 1,2, … ,𝐾𝐾) be the discrete abundance for patient i at 

group j. ZINB model for response 𝑌𝑌𝑖𝑖𝑖𝑖 can be written as: 

𝑌𝑌𝑖𝑖𝑖𝑖 = 0                             𝑤𝑤𝑖𝑖𝑤𝑤ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑝𝑝𝑖𝑖𝑤𝑤𝑝𝑝 𝜋𝜋𝑖𝑖𝑖𝑖 

𝑌𝑌𝑖𝑖𝑖𝑖  ~ NB �𝜆𝜆𝑖𝑖𝑖𝑖 ,𝑘𝑘�           𝑤𝑤𝑖𝑖𝑤𝑤ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑝𝑝𝑖𝑖𝑤𝑤𝑝𝑝 �1 − 𝜋𝜋𝑖𝑖𝑖𝑖� 

where the ZINB model for response of zero and non-zero counts (𝑌𝑌𝑖𝑖𝑖𝑖) are parameterized by 𝜆𝜆𝑖𝑖𝑖𝑖, 

𝜋𝜋𝑖𝑖𝑖𝑖 and k, which parameterize the mean, probability of structural zeros, and dispersion of the 

negative binomial distribution, respectively. The overall probability of zero and non-zero counts 

is: 

Pr�𝑌𝑌𝑖𝑖𝑖𝑖 = 0� = 𝜋𝜋𝑖𝑖𝑖𝑖 + (1 − 𝜋𝜋𝑖𝑖𝑖𝑖)(1 + 𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖)1/𝑘𝑘 

Pr�𝑌𝑌𝑖𝑖𝑖𝑖 = 𝑝𝑝𝑖𝑖𝑖𝑖� = �1 − 𝜋𝜋𝑖𝑖𝑖𝑖�
Γ �𝑝𝑝𝑖𝑖𝑖𝑖 + 1

𝑘𝑘�

Γ�𝑝𝑝𝑖𝑖𝑖𝑖 + 1�Γ �1
𝑘𝑘�

�𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖�
𝑦𝑦𝑖𝑖𝑖𝑖

�1 + 𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖�
𝑦𝑦𝑖𝑖𝑖𝑖+

1
𝑘𝑘
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The relative abundances have mean E�𝑌𝑌𝑖𝑖𝑖𝑖� = �1 − 𝜋𝜋𝑖𝑖𝑖𝑖�𝜆𝜆𝑖𝑖𝑖𝑖 = exp�𝑋𝑋𝑖𝑖𝑖𝑖′ 𝛽𝛽� /�exp (𝑍𝑍𝑖𝑖𝑖𝑖′ 𝛾𝛾) + 1� and 

variance V�𝑌𝑌𝑖𝑖𝑖𝑖� = �1 − 𝜋𝜋𝑖𝑖𝑖𝑖�𝜆𝜆𝑖𝑖𝑖𝑖 �1 + 𝜆𝜆𝑖𝑖𝑖𝑖�𝜋𝜋𝑖𝑖𝑖𝑖 + 𝑘𝑘��. Let the probability 𝜋𝜋𝑖𝑖𝑖𝑖  and the mean 𝜆𝜆𝑖𝑖𝑖𝑖  to 

be modeled as a function of covariates. The cZINB model is defined as: 

log�𝜆𝜆𝑖𝑖𝑖𝑖�𝑢𝑢𝑖𝑖� = 𝑋𝑋0𝑖𝑖𝑖𝑖 + 𝑋𝑋1𝑖𝑖𝑖𝑖𝛽𝛽1 + 𝑢𝑢𝑖𝑖 

logit�𝜋𝜋𝑖𝑖𝑖𝑖�𝑣𝑣𝑖𝑖� = 𝑍𝑍0𝑖𝑖𝑖𝑖 + 𝑍𝑍1𝑖𝑖𝑖𝑖𝛾𝛾1 + 𝑣𝑣𝑖𝑖 

log�𝜆𝜆𝑖𝑖𝑖𝑖�𝑢𝑢𝑖𝑖� and logit�𝜋𝜋𝑖𝑖𝑖𝑖�𝑣𝑣𝑖𝑖� are the natural links for the negative binomial mean and 

Bernoulli probability of success. 𝑋𝑋0𝑖𝑖𝑖𝑖 ,𝑍𝑍0𝑖𝑖𝑖𝑖 ,𝑋𝑋1𝑖𝑖𝑖𝑖  𝑝𝑝𝑎𝑎𝑎𝑎 𝑍𝑍1𝑖𝑖𝑖𝑖  are the intercept and slope covariates for 

the 𝑗𝑗𝑡𝑡ℎ repeated measurements on the 𝑖𝑖𝑡𝑡ℎ subject.  𝑋𝑋 and 𝑍𝑍 appearing in the respective logistic 

and negative binomial component are not necessarily the same and β and γ  are the 

corresponding vectors of regression coefficients for the mean and probability parameters. 

𝑢𝑢𝑖𝑖  𝑝𝑝𝑎𝑎𝑎𝑎 𝑣𝑣𝑖𝑖 are correlated random effects that explains within-subject variations.  

 

2.2   Random Effects 

Random effects are commonly applied in many differential abundance analysis methods (Fang et 

al., 2016; Chen et al., 2016) to address the variation and correlation of data drawn from a specific 

hierarchy. Similar to other methods (Tooze et al., 2002; Lee et al., 2006; Fang et al., 2016; Chen 

et al., 2016), where random effects are assumed to occur at the subject level in mixed-effect 

regression. The variance and correlations are assumed to be identical across all subjects. Due to 

its flexibility and straightforward mathematical properties (Zhu et al., 2015): correlated random 

effects 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑖𝑖 are assumed to follow a Bivariate Normal Distribution (BVN)  
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�
  𝑢𝑢𝑖𝑖  
𝑣𝑣𝑖𝑖 �~BVN �� 0

 0 � , � 𝜎𝜎𝑢𝑢2 𝜌𝜌𝜎𝜎𝑢𝑢𝜎𝜎𝑣𝑣
𝜌𝜌𝜎𝜎𝑢𝑢𝜎𝜎𝑣𝑣 𝜎𝜎𝑣𝑣2

 � � 

where 𝜎𝜎𝑢𝑢2  and 𝜎𝜎𝑣𝑣2  are the variance components and 𝜌𝜌  is the correlation. Therefore, the joint 

distribution of 𝑢𝑢𝑖𝑖  𝑝𝑝𝑎𝑎𝑎𝑎 𝑣𝑣𝑖𝑖 is: 

f(𝑢𝑢𝑖𝑖, 𝑣𝑣𝑖𝑖) =
1

2𝜋𝜋𝜎𝜎𝑢𝑢𝜎𝜎𝑣𝑣�1 − 𝜌𝜌2
exp (−

1
2(1 − 𝜌𝜌2) �

�𝑢𝑢𝑖𝑖 − 𝜇𝜇𝑢𝑢𝑖𝑖�
2

𝜎𝜎𝑢𝑢2
 +

�𝑣𝑣𝑖𝑖 − 𝜇𝜇𝑣𝑣𝑖𝑖�
2

𝜎𝜎𝑣𝑣2

−
2𝜌𝜌�𝑢𝑢𝑖𝑖 − 𝜇𝜇𝑢𝑢𝑖𝑖��𝑣𝑣𝑖𝑖 − 𝜇𝜇𝑣𝑣𝑖𝑖�

𝜎𝜎𝑢𝑢𝜎𝜎𝑣𝑣
� 

2.3   Model Fitting 

Since the standard ZINB log-likelihood function does not take the correlation between two 

random effects into consideration, log likelihood function can be constructed by having 𝑝𝑝 = 𝑝𝑝1 +

𝑝𝑝2, with 𝑝𝑝1 being the log-likelihood of the ZINB when the random effects are conditionally fixed 

and 𝑝𝑝2 being the log density of a BVN for the random effects. If random effects are treated as 

parameters, the negative of 𝑝𝑝2 can be viewed as a penalty function on the random effects (Lee et 

al., 2006).  

𝑝𝑝1 = � log
𝑦𝑦𝑖𝑖𝑖𝑖=0

�𝜋𝜋𝑖𝑖𝑖𝑖 + �1 − 𝜋𝜋𝑖𝑖𝑖𝑖��1 + 𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖�
1
𝑘𝑘�

+ � �log�1 − 𝜋𝜋𝑖𝑖𝑖𝑖� + 𝑝𝑝𝑝𝑝𝑙𝑙
Γ �𝑝𝑝𝑖𝑖𝑖𝑖 + 1

𝑘𝑘�

Γ�𝑝𝑝𝑖𝑖𝑖𝑖 + 1�Γ �1
𝑘𝑘�

+ 𝑝𝑝𝑖𝑖𝑖𝑖 log�𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖� − �𝑝𝑝𝑖𝑖𝑖𝑖 +
1
𝑘𝑘
� log (1

𝑦𝑦𝑖𝑖𝑖𝑖>0

+ 𝑘𝑘𝜆𝜆𝑖𝑖𝑖𝑖)� 

𝑝𝑝2 = log[f(𝑢𝑢𝑖𝑖, 𝑣𝑣𝑖𝑖)]. 
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2.4   Algorithm 

Although there is no single algorithmic method for optimization of nonlinear functions that is 

guaranteed to converge to the maximum likelihood estimate for the model parameters 

(𝛽𝛽, 𝛾𝛾,𝑘𝑘,𝜎𝜎𝑣𝑣,𝜎𝜎𝑢𝑢,𝜌𝜌), choosing an appropriate algorithm method is very important. One of the most 

commonly used algorithm method in Proc NLMIXED in SAS is the Newton-Raphson method 

(NEWRAP). NEWRAP requires repeated computation for the Hessian matrix and has fast 

convergence speed due to its ready calculation of standard errors for parameter estimates (Fang 

et al., 2016). NEWRAP is usually a stable method for small size problems with few parameters. 

However, convergence could be an issue when the sample size is small. Quasi-Newton algorithm 

method (QUANEW) is another popular method which does not need to compute the Hessian 

matrix but requires more iterations than NEWRAP. QUANEW is recommended for medium size 

problems because it provides a good balance between speed and stability. Since log likelihood 

function of cZINB combines the regular ZINB and the bivariate normal log likelihood function, 

many parameters need to be estimated, convergence is a concern in using either NEWRAP or 

QUANEW for cZINB model. To ensure the convergence and stability of parameter and random 

effects estimation, parameter estimation can be achieved by maximizing likelihood function 

using Conjugate Gradient algorithm (CONGRA) method due to its capability of handling large-

scale problems (Shewchuk, 1994). Another advantage of using CONGRA is that relatively little 

memory is needed for large-scale problems and no numerical linear algebra is required so that 

computation speed for each step is faster. However, the CONGRA algorithm, in general, requires 

more iterations. Therefore, the overall computation speed could be slower than NEWRAP and 

QUANEW. 
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2.5   Joint Hypothesis Testing 

Suppose researchers are exploring only two groups of metagenomes and are interested in testing 

the slopes of regressions 𝛽𝛽1 and 𝛾𝛾1 that explain the effects of covariates in terms of both the 

presence/absence and its abundance for each covariate 𝑋𝑋𝑖𝑖𝑖𝑖 𝑝𝑝𝑎𝑎𝑎𝑎 𝑍𝑍𝑖𝑖𝑖𝑖 (Chen et al., 2016) for each 

specific feature. Researchers would fit null model: log�𝜆𝜆𝑖𝑖𝑖𝑖�𝑢𝑢𝑖𝑖� = 𝛽𝛽0 + 𝑢𝑢𝑖𝑖  and logit�𝜋𝜋𝑖𝑖𝑖𝑖�𝑣𝑣𝑖𝑖� =

𝛾𝛾0 + 𝑣𝑣𝑖𝑖  and alternative model: log�𝜆𝜆𝑖𝑖𝑖𝑖�𝑢𝑢𝑖𝑖� = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋𝑖𝑖𝑖𝑖 + 𝑢𝑢𝑖𝑖  and logit�𝜋𝜋𝑖𝑖𝑖𝑖�𝑣𝑣𝑖𝑖� = 𝛾𝛾0 + 𝛾𝛾1𝑍𝑍𝑖𝑖𝑖𝑖 +

𝑣𝑣𝑖𝑖 under hypothesis: 

𝐻𝐻0: 𝛽𝛽1 = 𝛾𝛾1 = 0 

𝐻𝐻1: either 𝛽𝛽1 or 𝛾𝛾1 does not equal 0 

Where 𝛽𝛽1 and 𝛾𝛾1 are coefficients of group factor 𝑋𝑋𝑖𝑖𝑖𝑖 𝑝𝑝𝑎𝑎𝑎𝑎 𝑍𝑍𝑖𝑖𝑖𝑖  in the zero and non-zero part of 

regression models respectively. Likelihood ratio test is applied to test the null hypothesis for 

significance of the difference between two models. If this difference is statistically significant, 

then alternative model could be concluded to fit the data significantly better than the null model. 

The test statistic for the likelihood ratio test is calculated as: 

D = −2log (𝑝𝑝(0) − 𝑝𝑝(1)) 

Where 𝑝𝑝(0) and 𝑝𝑝(1) are the maximized log-likelihoods for null and alternative model respectively. 

The resulting test statistic of likelihood ratio test is asymptotically distributed as Chi-square 

Distribution, with degrees of freedom equal to the difference of the number of parameters in the 

two models (Wilks, 1938).  
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2.6   Multiple Testing Correction 

While testing each feature separately with a p-value generated for each feature, a 5% false 

positive rate (FPR) cutoff is usually set to decide whether null hypothesis should be rejected. 

That means there is a 5% error margin for each single feature to pass the test. As the number of 

features being tested increases, the chance of incorrect rejection on null hypothesis increases. For 

instance, if there are 100 features being tested, on average 5 features that are not significant will 

be found to be so. Therefore, it is important to adjust the p-value on a test of the value of each 

feature through multiple testing correction when statistical tests are performed on a group of 

features. One of the most widely used correction methods to solve the problem of multiple 

testing is Benjamini and Hochberg (BH) method (Benjamini & Hochberg, 1995) also known as 

the False Discovery Rate method (FDR) BH procedure ranks the p-value of each gene in order 

from the smallest to the largest then multiplies the largest p-value by m, the number of features in 

the test. The 𝑝𝑝𝑡𝑡ℎ largest p-value is multiplied by m/(m-(r-1)). In this thesis, p-values from cZINB 

are calculated in the same manner as ZIBR developed by Chen et al., 2016 using BH procedure 

in FDR adjustment. Those p-values obtained from Chi-Square distribution have a cutoff level of 

Type I error at 0.05. All analyses and modeling are implemented via Proc NLMIXED in SAS. 
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CHAPTER 3 
 

Simulation Studies 
 

 

3.1   Simulation Settings 

To evaluate the performance of the new method (cZINB), simulation studies were conducted to 

compare cZINB method with ZINB method as proposed in Fang et al., 2016 for repeated 

measures data and ZIBR method developed by Chen et al., 2016 for longitudinal data. ZINB and 

ZIBR were compared because ZINB shares similar model settings and ZIBR shares similar joint 

hypothesis testing with cZINB. 

Our simulation settings included two levels of sample size (15 and 25) and two levels of 

zero proportion (50% and 80%) and two levels of correlation (0.8 and 0) to explain a wide 

variety of feature abundances and complex patterns in a microbial community. For each 

combination of sample size and zero proportion, a total of 500 microbial features were simulated, 

of those, 100 features were assumed to have significantly differential abundance and 400 features 

were generated to be non-significantly differential abundance. 𝛽𝛽1, 𝛾𝛾1, and k are simulated from 

Uniform distributions and random effects were generated from Bivariate Normal distributions. 

The covariates X and Z are set to be equivalent dummy variables (0 or 1) representing the healthy 

and disease status of each measurement. For the significant features, the parameters were set as: 

𝛽𝛽0 = 6; 𝛽𝛽1 = Unif (-4.5, -3.5) 

𝛾𝛾0 = -0.3; 𝛾𝛾1 = Unif (-1.5, -0.5) 

𝜇𝜇𝑢𝑢 = 0; 𝜇𝜇𝑣𝑣 = 0; 𝜎𝜎𝑢𝑢 = 0.25; 𝜎𝜎𝑣𝑣 = 1 
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𝑘𝑘 = Unif (1, 5); 𝜌𝜌 = 0.8 

For the non-significant features, 𝛽𝛽1 = 𝛾𝛾1 = 0 while other parameters remain the same. A total of 

20 replicated datasets were simulated for each of 8 scenarios (= 2 sample sizes * 2 proportions of 

zeros * 2 levels of correlation).  

 

3.2   Testing Methods 

Based on the simulation, different parameter estimation and testing methods were 

implemented. Chen applied Gauss-Hermite quadrature method on ZIBR model to approximate 

the integral by a finite sum. MLE parameters were obtained numerically. The likelihood ratio test 

(LRT) was applied to test the null hypothesis 𝐻𝐻0: 𝛽𝛽1 = 0 and 𝛾𝛾1 = 0 for each covariate 𝑋𝑋1 and 

𝑍𝑍1. All ZIBR analyses were done in R package ZIBR; Fang’s ZINB model was run in SAS 

NLMIXED procedure with the Newton-Raphson algorithm. Point estimates and p-values were 

calculated using linear contrasts on the regression parameters: exp(𝛽𝛽0+𝛽𝛽1)
exp(𝛾𝛾0+𝛾𝛾1)+1

− exp(𝛽𝛽0)
exp(𝛾𝛾0)+1

 testing the 

significance of the difference between two group means; cZINB model and ZIBR share the same 

hypothesis and LRT testing method. However, first-derivative Gauss-Hermite quadrature and 

second-derivative Newton-Raphson algorithm method implemented in ZIBR and ZINB had 

difficulties in convergence due to complexity and many parameters of cZINB model. Therefore, 

Conjugate Gradient method (CONGRA) was chosen for cZINB.  

 

3.3   Methods Comparisons 

The performance of three methods, cZINB, ZIBR, and ZINB, were compared in terms of power, 

type I error, true positives, and false positives and receiver operating characteristic (ROC) bands.  
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   3.3.1 Power Analysis   Based on the above simulation settings, power analysis was conducted 

under different scenarios where different zero proportions and sample sizes were considered. The 

power plot for ρ=0.8 is shown in Figure 1. Clearly, cZINB has the highest power rate in all 

scenarios. The power of ZIBR was significantly lower in comparison to cZINB and ZINB had a 

very little power to detect changes in either regression model.  

 

Figure 1. Power plots were based on 20 replicated datasets with 100 significant features and 400 non-significant 
features across 4 combination settings. The cutoff of adjusted p-values is 0.05.  
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   3.3.2 Type I Error Analysis   By comparing Type I errors of these three methods, researchers 

were able to check if each method controls Type I error with a cutoff at 0.05 after FDR 

adjustment. Figure 2 below shows Type I error was well controlled in all three methods when 

zero proportion is 50% across sample sizes. As zero proportion increases to 80%, ZIBR shows a 

high Type I error while the other two methods control the error very well, particularly, for the 

small sample size of 15. 

 

Figure 2. Plots of type I error for 20 replicated datasets with 100 significant features and 400 non-significant features. 
The cutoff of adjusted p-values is 0.05.  
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   3.3.3 True/False Positives   The number of true positives and false positives demonstrates the 

performance of all methods based on false discovery rate (FDR) controlled p-values by 

Benjamini and Hochberg (BH) approach. cZINB is the most powerful and accurate among the 

three methods since it shows the highest true positives with lowest false positives. ZIBR has 

lower true positives in comparison to cZINB but higher to ZINB; the number of false positives 

for ZIBR is apparently higher for higher percentage of zeros in the data. The detection of 

significantly differentiated abundance is consistently low under ZINB method across all 

scenarios. 
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Figure 3. Plots of the mean for true positives and false positives based on 20 replicated datasets, with standard 
deviation bars from 20 replicated datasets are given in this figure. 

   3.3.4 Receiver Operating Characteristic (ROC)Measures   ROC bands were created by 

plotting true positive rate (TPR) against the false positive rate (FPR). Let TP, TN, FP, and FN be 

respectively the number of true positives, true negatives, false positives and false negatives. True 

positive rate and false positive rate could be calculated as: 

𝑇𝑇𝑝𝑝𝑢𝑢𝑇𝑇 𝑃𝑃𝑝𝑝𝑃𝑃𝑖𝑖𝑤𝑤𝑖𝑖𝑣𝑣𝑇𝑇 𝑅𝑅𝑝𝑝𝑤𝑤𝑇𝑇 (𝑇𝑇𝑃𝑃𝑅𝑅) =  
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁
 

𝐹𝐹𝑝𝑝𝑝𝑝𝑃𝑃𝑇𝑇 𝑃𝑃𝑝𝑝𝑃𝑃𝑖𝑖𝑤𝑤𝑖𝑖𝑣𝑣𝑇𝑇 𝑅𝑅𝑝𝑝𝑤𝑤𝑇𝑇 (𝐹𝐹𝑃𝑃𝑅𝑅) =  
𝐹𝐹𝑃𝑃

𝐹𝐹𝑃𝑃 + 𝑇𝑇𝑁𝑁
 

Performance evaluation is given in Figure 4. Area Under the Curve (AUC) of all three methods 

improves as the proportion of zeros decreases from 80% to 50% indicating significant effect of 

zero proportion on the performance of differential abundance analysis methods. However, it is 

interesting to find that ZINB has about the same AUC as cZINB in three of the four scenarios 

and the largest AUC was shown under 80% zero proportion and 15 sample sizes which 

contradicts to the results of low detection rate of significant features shown in Figure 1 and 

Figure 2. 
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Figure 4. Partial confidence bands of Receiver Operating Characteristic (ROC) for four combinations on 20 
replicated datasets. The p-values were adjusted by FDR procedure. 

 

3.4   Limitation of ZINB 

ZINB, in particular, had very low detection rate on both true positives and false positives due to 

high proportion of zeros (85%) in 20 replicated simulation datasets which is about the same 
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proportion of zeros in colorectal observed data analyzed the next section. Since the ZINB 

analysis applied Newton-Raphson algorithm which is commonly not suggested for problems 

with small sample size, ZINB had difficulties in convergence and numerical rounding errors 

using Proc NLMIXED procedure in SAS. In addition, ZINB’s hypothesis on group means using 

linear contrast may not effectively detect the significant changes in both the process of zeros and 

non-zeros generation whereas cZINB and ZIBR tested on both processes. Furthermore, adjusted 

p-values obtained for ZINB method clustered near 0.5 (for significant features) and 0.99 (for 

non-significant features), which caused a shift in ROC curve in the process of ROC ranking. This 

explains why the power of ZINB is low while the ROC plots seem acceptable.  
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Figure 5. Plot of adjusted p-values obtained from ZINB method displays a big separation of p-values where p-values 
of the 100 significant features are clustered at 0.25 and p-values of the non-significant features are clustered at 0.99. 

3.5   Performance Before FDR Adjustment 

Since separation of p-values was occurred in ZINB method after FDR adjustment, this research 

aimed to investigate the results of three methods before FDR adjustment. Figure 6 clearly shows 

that cZINB outperformed the other two methods. As zero percentage decreases and number of 

sample size increases, Area Under the Curve (AUC) of cZINB is consistently optimal. The 

results from Figure 6 also match with the results given in Figure 7, Figure 8, and Figure 9. 

cZINB shows higher power and better controlled type I error that is around 0.05.  
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Figure 6. ROC bands plots with 100 significant features and 400 non-significant features across 4 combinations of 
sample size and zero proportion based on p-values before FDR adjustment. cZINB method demonstrates the 
largest Area Under the Curve (AUC) which is optimal among all three methods. 

 

Figure 7. Number of True False Positives and False Positives plots with 100 significant features and 400 non-
significant features across 4 combinations of sample size and zero proportion based on p-values before FDR 
adjustment. cZINB shows the highest ratio of True Positives to False Positives which outperforms the other two 
methods. 



29 
 

 

Figure 8. Type I error plots with 100 significant features and 400 non-significant features across 4 combinations of 
sample size and zero proportion based on p-values before FDR adjustment. cZINB demonstrated type 1 error close 
to the cutoff 0.05. 
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Figure 9. Power plots with 100 significant features and 400 non-significant features across 4 combinations of 
sample size and zero proportion based on p-values before FDR adjustment. cZINB shows the highest power among 
all three methods 

 

3.6   Performance Under Zero Correlation 

Since both ZINB and ZIBR assume independent relation between zero and non-zero regression, 

correlation value of the two random effects should be zero. Researchers may also be interested in 

the performance of cZINB when no correlation is assumed between random effects. Variance 

covariance matrix is given as: 
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� = � 𝜎𝜎𝑢𝑢
2 0

0 𝜎𝜎𝑣𝑣2
 � 

Figure 10 demonstrates the results of three methods. Type I error is well controlled in all three 

methods but the power differs the performance of methods. In Figure 10-D, cZINB shows the 

highest power rate among all three methods; ZIBR has relatively lower power compare to cZINB; 

ZINB still shows the worst performance.   

 
Figure 10. ROC bands (A), True False Positives (B), Type I error (C), and Power (D) plots were created when rho is 
set to be zero with 100 significant features and 400 non-significant features. P-values are FDR adjusted. 

 

A B 

C D 
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3.7   Performance Under Different Simulation Settings (𝜎𝜎𝑢𝑢 = 0.5; 𝜎𝜎𝑣𝑣 = 0.05) 

A different simulation setting was tested to verify the robustness of cZINB method. Based on the 

findings in Figure 11, cZINB controls type I error very well while keeping the most optimal 

power. Therefore, cZINB is able to detect significant features more effectively than ZIBR and 

ZINB method.  

 

Figure 11. ROC bands (A), True False Positives (B), Type I error (C), Power (D) plots were created when standard 
deviation parameters are set to be 𝜎𝜎𝑢𝑢 = 0.5; 𝜎𝜎𝑣𝑣 = 0.05 with 100 significant features and 400 non-significant 
features. P-values are FDR adjusted. 

 

A 

C D 

B 
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3.8   Performance Under Sample Size 50 

Since the real data that I analyze in the next section contains 44 samples, additional simulation 

studies were conducted under sample size 50. cZINB is still optimal in comparison to the other 

two methods. ZINB method showed better detection rate on significant features under the 

combination of sample size 50 and zero proportion 50% but the detection rate is still low when 

zero proportion is at 80% indicating significant effect of zero proportion on ZINB method. 

 

Figure 12. Power plots under sample size 50 and zero proportion 50% and 80% after FDR adjustment. cZINB shows 
the highest power in comparison to ZIBR and ZINB.  
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Figure 13. Type I Error plots under sample size 50 and zero proportion 50% and 80% after FDR adjustment. All 
three methods control Type I error very well. 
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Figure 14. The number of True Positives and False Positives plots under sample size 50 and zero proportion 50% 
and 80% after FDR adjustment. cZINB shows the highest true positives to false positives ratio indicating cZINB is 
the best method among all three methods. 
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Figure 15. ROC bands plots under sample size 50 and zero proportion 50% and 80% after FDR adjustment. Area 
under the curve (AUC) of all three methods seem to be similar. 
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CHAPTER 4 
 

Real Data Analysis 
 

 

4.1   Real Count Data 

The cZINB method was applied to human gut microbiome study in the colorectal tumor 

microenvironment. Sequenced microbiome that was studied by Burns et al., 2015. Tissue 

samples from 44 patients were collected twice to form both the normal and tumor group for 

differential abundance analysis. In Burns’s paper, DNA isolated from colon samples was 

quantified by PCR and the V5-V6 regions of the 16S rRNA gene were PCR amplified. A single 

lane on an Illumina MiSeq instrument was used to generate the 16S rRNA gene sequences. The 

original study implemented the Greengenes alignment tool that compares gene sequences with 

16S rRNA gene database (Burns MB et al., 2015). Greengenes. Final operational taxonomic 

units (OTUs) tables produced by Greengenes were tested using two-sided Wilcoxon signed rank 

test which is a simple non-parametric test for testing hypothesis on median. The advantage with 

Wilcoxon signed rank test is its non-dependency on any distribution or its parameters. Statistical 

power of Wilcoxon signed rank test can be reduced since it ignores magnitude of the 

observations. Therefore, it is of great interest to investigate how testing the cZINB model using a 

likelihood ratio test can detect significant differential abundance of colorectal cancer (CRC) data. 

To conduct the data analysis, all raw paired-end 16S rRNA sequence data were 

downloaded from NCBI Sequence Read. DADA2, a new accurate method for metagenomic 

sequence data preprocessing, was applied to the raw sequences (Callahan et al., 2016) against the 

RDP trainset 16 reference database (Cole et al. 2014). The output amplicon sequence variant 
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table contains 348 unique genera (in 22 unique phyla) along with their abundances across all 

samples. To reduce the bias introduced by variable library sizes (sequencing depths), 

normalization is a key step before processing downstream analysis. A recent normalization 

method was applied, Geometric Mean Pairwise Ratios (GMPR), which was introduced for 

microbiome sequencing data with severe zero-inflation (Chen & Chen, 2017). GMPR produces a 

robust estimate of the library size that is resistant to outliers and differential taxa. Counts at each 

taxonomic rank was analyzed in cZINB model. All p-values were adjusted using Benjamini 

Hochberg (BH) adjustment method to control false discovery rate. 

 

4.2   Results 

Taxa with high statistical significance under cZINB’s two-part hypothesis have been previously 

reported as essential risk features in colon-associated diseases. At the phylum level, cZINB 

identified Acidobacteria which was previously reported highly enriched in the patients with 

Crohn’s disease (Chen et al., 2014); At the level of genus, the microbial changes were discovered 

between the normal and tumor status with significant differences in the abundances of nine 

different taxa, including Filifactor, Pelomonas, Rothia, Clostridium, Methylobacterium, 

Mitsuokella, Paraprevotella, Kribbella and Marmoricola with FDR adjusted p-values less than 

0.05. Some of them are associated with CRC in previous studies. For example, Filifactor has 

been implicated as a unique mucosa-adherent bacterium in CRC patients compared to healthy 

individuals (Chen et al., 2012). In the same study, Paraprevotella has been shown more 

prevalent in CRC patients (Chen et al., 2012). Prior research indicates that gastrointestinal (GI) 

microbiome, such as Mitsuokella, might involve in the association between alcohol consumption 

and risk for CRC via encoding one or more copy of the alcohol dehydrogenases (ADHs) gene, 
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which plays a key role in the metabolism of ethanol (Seitz et al., 1990). Moreover, increased 

levels of Rothia, Methylobacterium and Pelomonas were detected in Crohn's disease patients, 

who have higher risk of CRC (Gevers et al., 2016; Kaakoush et al., 2012; Schäffler et al., 2016). 

Full results of significant taxa at Genus and Phylum taxonomic levels are provided in table 1 and 

table 2.   

In the original paper, taxa including Fusobacterium and Providencia were found to be 

novel tumor-associated agent which did not exactly match our findings. Their approach creates 

an OTU table using Greengenes alignment tools based on Greengenes database whereas we 

obtained an OUT table using Dada2 method. Estimated 𝛽𝛽1 coefficients of significant taxa with p-

values less than 0.1 are displayed in Figure 16.  

 

Figure 16. Dot plot of 𝛽𝛽1 coefficient of significant taxa that obtain p-values less than 0.1 at the Genus level. Taxa are color coded 
based on their phylum level. 
 

 PHYLUM  

NAME RAW_P FDR_P 
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ACIDOBACTERIA 0.004456 0.040104 

Table 1. Table of significant taxa at Phylum level. Raw and FDR adjusted p-value is displayed. 

 GENUS  

NAME RAW_P FDR_P 

FILIFACTOR 0 0 

PELOMONAS 0.000608 0.030617 

ROTHIA 0.000434 0.030617 

CLOSTRIDIUM_XLVB 0.001219 0.036818 

METHYLOBACTERIUM 0.001119 0.036818 

MITSUOKELLA 0.002138 0.04611 

PARAPREVOTELLA 0.001983 0.04611 

KRIBBELLA 0.002484 0.046894 

MARMORICOLA 0.002896 0.048593 

Table 2. Table of significant taxa at Genus level. Raw and FDR adjusted p-values are displayed. 
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CHAPTER 5 
 

Conclusions and Limitations 
 

5.1   Conclusions 

The two-part cZINB model has been proposed to detect differentially abundant feature with 

preponderance of zeros. Two correlated random effects model includes within-subject variation 

and correlation between the zero model and ordinary component model. cZINB model has 

combined a basic ZINB model with bivariate normal density to address the correlation between 

two regression models. This paper has shown that the proposed method can be implemented 

using SAS software for non-linear models like NLMIXED procedure. Simulations across all 

combinations of zero proportion and sample size indicate that the performance of the new 

approach is better than two exiting methods. cZINB model with multiple covariates is also able 

to detect significant features effectively for a variety of model parameters and sample sizes. Thus, 

the proposed method can provide insight into over-dispersed counts with excess zero, while 

accommodating the within-subject correlations inherent from the data structure.  

The application to human colorectal microbiome study illustrates how cZINB model can 

be applied in real life case. This research demonstrated that considering correlated random 

effects in matched count data enables researchers to draw more precise and valid conclusions, in 

terms of identifying significantly differential taxa. Significant taxa that were found at the Genus 

and Phylum level were previously reported in recent studies. In comparison to the significant 

taxa found in Burns et al., 2015, their results do not match with the new findings for three 

reasons. First different databases were applied prior to the analyses. Second GMPR 

normalization method was used on real data count tables at Genus and Phylum level. Finally, a 
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two-sided Wilcoxon signed rank test was used in Burns’s paper whereas Likelihood Ratio Test 

and Joint Hypothesis method were conducted in cZINB. Further investigation could be done 

using the same settings in Burns paper for comparison.  

 

5.2   Limitations and Extensions 

Many modifications or extensions of cZINB method are possible. Data structures can exhibit a 

variety of correlations. Homogeneous random effects that have included in cZINB method with 

constant variances and correlation value across all subjects may be restrictive. To account for a 

wider variation, this condition can be relaxed by using heterogeneous random effects with 

covariate-specific covariance matrix where variances 𝜎𝜎𝑢𝑢𝑖𝑖
2  and 𝜎𝜎𝑣𝑣𝑖𝑖

2  are generated at subject level 

(Zhu et al., 2015).  

�
  𝑢𝑢𝑖𝑖  
𝑣𝑣𝑖𝑖 �~BVN�� 0

 0 � , � 
𝜎𝜎𝑢𝑢𝑖𝑖
2 𝜌𝜌𝜎𝜎𝑢𝑢𝑖𝑖𝜎𝜎𝑣𝑣𝑖𝑖

𝜌𝜌𝜎𝜎𝑢𝑢𝑖𝑖𝜎𝜎𝑣𝑣𝑖𝑖 𝜎𝜎𝑣𝑣𝑖𝑖
2  � � 

Another possible extension is to use a more complex random effects structure that can be 

constructed to accommodate two random effects for each regression model with inherent within-

subject and between-subject correlation. However non-convergence of numerical optimizations 

methods for parameter estimation can be an issue, since multiple correlated random effects add 

another level of complexity in model fitting. Further extension could take correlation among 

features (e.g. species) into consideration. Therefore, further research may be required to 

overcome this issue.  

  In this paper, a standard Negative Binomial distribution has been assumed to be the 

ordinary count distribution due to its relaxed parameter assumption and Bivariate Normal 

distribution has applied for random effects. These distributions could be replaced by other 
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distributions depending on the inherent data structure. Finally, even though the proposed method 

has been developed for metagenomic matched data, it should also be applicable to other Zero-

Inflated count data with similar structure. 
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