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ABSTRACT 

The microbiome has become a focus of research, particularly in the field of human 

health and precision medicine, due to its role in human development, immunity, and 

nutrition. Microbiome profiling studies have become more tractable and advanced in large 

part thanks to advancements in metagenomics. One such study is the Black Women’s 

Health Study (BWHS), which aims to better understand health risks and disease 

development specific to Black women, who are more susceptible to certain health 

conditions. However, a major obstacle for reproducibility of microbiome research is the 

high sensitivity of microbial compositions to external factors and batch-to-batch technical 

variability, resulting in batch effects that often hinder analysis of factors of interest. While 

batch effect adjustment methods have been developed for other biomedical data, they do 

not appropriately account for two unique features of microbiome data: 1) its compositional 

nature, and 2) extreme overdispersion and zero-inflation. 

My dissertation addresses these challenges by evaluating and improving batch 

effect correction methods for microbiome data and then applies these approaches to data 

from BWHS. First, I evaluated ComBat-Seq, along with existing microbiome-specific 

tools, in removing batch effects from both simulated 16S rRNA and real-world shotgun 
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metagenomic sequencing data while preserving effects belonging to biological factors of 

interest. Second, I applied ComBat-Seq in an epidemiological study in which I identified 

several oral health-related genera among adult Black women to be associated with the 

host’s geographic location in the US. Finally, I introduced an extension to ComBat-Seq 

that improves its performance in batch effect correction on rare taxa with outliers via 

imputation. I demonstrated that, by replacing zeroes with predicted non-zero read counts 

that follow the observed compositional structure of the data, imputation effectively reduced 

the number of problematic cases in which outliers were intensified after batch effect 

correction. 

Collectively, my thesis demonstrates that 1) when the specific features of 

microbiome data are accounted for, batch effect correction methods offer a promising 

solution to address batch effect in microbiome data and improve microbiome profiling 

studies and 2) it is important to consider social/environmental factors associated with the 

host’s physical location when studying the oral microbiome. 
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Chapter 1: Background, Rationale, and Dissertation Aims 

1.1 Introduction to the Human Microbiome 

The microbiome, a collection of microbial taxa or microbes and their genes in any 

given environment, has become a focus of research in recent years, particularly in the field 

of human health and precision medicine. Due to the human microbiome’s role in human 

development (Mueller et al., 2015), immunity (Thaiss et al., 2016), and nutrition (Kau et 

al., 2011), researchers and doctors seek to utilize the microbial community to identify 

indicators of disease and improve personalized medicine. Starting from our birth, bacteria 

living in our bodies contribute significantly to our health by processing nutrients, driving 

away pathogens, and strengthening the immune system (Coelho et al., 2021; Yao et al., 

2021). Hence, it is important to understand the connection between the microbiome and 

human health, starting with the association of changes in microbial structure to disease and 

various environmental factors. The Human Microbiome Project (HMP) was the first major 

research initiative from the National Institutes of Health (NIH) to deeply understand the 

human microbiome and its role in human health and disease. 

On the human body, there are multiple sites where microbial colonization can occur: 

nose, mouth, lungs, stomach, colon, sexual organs, and skin. Depending on the location, 

the microbial community may contribute differently to its human host. The gut microbiome, 

for instance, is the home of many bacteria that mainly reside in the cecum of the large 

intestine (Zaborin et al., 2020). The microbes that grow in the gut are responsible for 

digesting breast milk and fiber (Bunyavanich et al., 2016; Clarke et al., 2014), helping 

control the host’s immune system (Thaiss et al., 2016), and helping control brain health 
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(Martin et al., 2018). Indeed, many bacteria that reside in the gut serve to benefit the host, 

but other bacteria have been known to cause certain autoimmune diseases and 

gastrointestinal disorders, including irritable bowel syndrome (Pimentel & Lembo, 2020) 

and inflammatory bowel disease (Nishida et al., 2018). The ability to identify and 

differentiate between beneficial and harmful bacteria is paramount in potential therapeutic 

treatments that seek to influence the microbiota to treat disease and improve human health. 

It is important to consider a range of factors that can influence the human microbial 

community. Due to the differences in environmental factors among these body sites, such 

as pH level (Miller et al., 2016), nutrition (Asnicar et al., 2021), and host-microbe 

interaction (Brown et al., 2013), microbial composition can vary significantly, which in 

turn influences its relationship with the human host. External factors can also greatly 

impact microbial composition. One of the more studied phenomena is the impact of 

antibiotics and its adverse effects on host health (Patangia et al., 2022). While their 

application in treating infectious diseases have been widely successful, they have come at 

the cost of disrupting the gut microbiome, which has led to a rise in cases of gastrointestinal 

disorders related to bacterial antibiotic resistance (Carlet, 2012; Huddleston, 2014). One of 

the most prominent examples is C. difficile infection. Commonly contracted among 

patients in hospital settings, it usually occurs when patients are prescribed antibiotics that 

wipe out their internal microbial communities and subsequentially present an opportunity 

for C. difficile to flourish and dominate the gut microbiome (Chang et al., 2008). In addition 

to antibiotics, other factors can influence the microbial landscape, including diet, age, and 

environment (Yatsunenko et al., 2012). In our pursuits to better understand the relationship 
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between the microbiome and human health and disease and develop treatments through 

microbial interventions, it is important to identify and understand the numerous factors that 

can influence microbial composition. 

1.2 Introduction to Metagenomics 

In recent years, studies of the microbiome have become more tractable and 

advanced in large part thanks to advancements in metagenomics, the study of genetic 

material recovered directly from a collection of species within a sample (W.-L. Wang et 

al., 2015). There are several approaches to study the human microbiome: amplicon 16S 

sequencing and shotgun metagenomic sequencing. 

16S sequencing is the gold standard for studying the microbiome and gained 

popularity due to its specific targeting of the unique ribosomal subunit within bacteria, 

making it particularly effective in targeting bacterial sequences (Clarridge, 2004; Fadrosh 

et al., 2014; Weisburg et al., 1991). The 16S rRNA gene consists of conserved and variable 

genomic regions. Because the conserved regions are present in most bacteria, it is possible 

to perform PCR amplification using universal primers that target the conserved regions 

(Baker et al., 2003; Lu et al., 2000; McCabe et al., 1999). After amplification, the 

hypervariable regions can then be used for species identification (Becker et al., 2004; 

Chakravorty et al., 2007). Sequence analysis of the 16S rRNA gene has been widely used 

to profile microbial communities and perform taxonomic studies, including identifying 

pathogens associated with human health and disease (Cox et al., 2013; Ley et al., 2005; 

Melito et al., 2001). However, 16S sequencing does have its disadvantages. First, because 

it does not capture any other genes besides the 16S subregion, it cannot detect activity and 
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hence cannot measure any activity both within the microbial community as well as between 

the community and its environment. Second, by targeting only the 16S variable regions, it 

is limited to genus and species in its taxonomy resolution. Nevertheless, thanks to its 

precise targeting of bacterial DNA and affordability, 16S rRNA sequencing remains a 

popular method for microbiome profiling studies. 

Shotgun metagenomics, a second common method to study the microbiome, 

utilizes a “wide net” approach in which it captures any and all genetic material within a 

sample, both originating from bacteria as well as other sources such as host, fungi, and 

viruses (Quince et al., 2017). Like regular whole genomic sequencing, the library 

preparation workflow for shotgun sequencing involves random fragmentation and adapter 

ligation. Fragments of DNA are simultaneously and independently sequenced. Contigs of 

long DNA stretches are assembled from shorter, overlapping sequences. Once assembled, 

the DNA sequences are aligned to a reference database for taxonomic classification. 

Shotgun sequencing has several advantages when compared to 16S sequencing. First, 

because it captures all DNA within a sample, functional profiling becomes possible. 

Although it cannot measure actual functional activity like metatranscriptomics, we can 

determine functional potential from identifying and profiling all microbial genes present in 

a sample (Silva et al., 2016). Second, shotgun sequencing’s resolution can reach the strain-

level by reading the entirety of a microbe’s genome, providing more accurate alignment to 

strain-level reference genomes (Buytaers et al., 2021). However, shotgun sequencing also 

has its disadvantages. For one, it has a higher risk of false positives. While 16S sequences 

are recovered with no error in the sequence, shotgun sequencing relies heavily on a 
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reference database when identifying microbes, which introduces several potential issues: 

1) the database may not contain perfect genomes of all possible microbes, introducing 

considerable risk of false positives as some genes may be incorrectly mapped to other 

genomes (Campana et al., 2014); 2) unlike 16S sequencing, it is important to filter out 

unwanted reads and isolate only bacterial sequences if we want to study just the microbial 

community (Couto et al., 2018). Despite the drawbacks, however, the advantages of 

shotgun sequencing are apparent since, in return, we are rewarded with an insight into the 

activities that occur within the community. 

1.3 Introduction to Batch Effect 

While the microbial community’s high sensitivity to its environment is a focus of 

interest in microbiome research, it also presents a major obstacle. A variety of external 

factors can profoundly affect the composition of the human microbiota, and technical and 

computational variations introduced during sample collection and processing are no 

exception (Y. Wang & Lêcao, 2020). Batch effects, defined as any unwanted, systematic 

source of variation that is unrelated to but obscures the biological factor of interest, can 

occur whenever samples are processed in different batches or at separate times. They can 

occur in various types of experiments, including genomics, proteomics, and 

transcriptomics, and can be caused by a variety of factors, such as variations in instrument 

settings, reagent lots, or technician experience (Leek et al., 2010). Batch effects can 

confound the results by introducing noise into the data and prevent the identification of 

true effects of biological factors of interest. Batch effect in microbiome data have led to 

erroneous claims in profiling studies. For instance, one study reported limited colonization 
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of Micrococcus luteus in the human intestine at mid-gestation, but that microbe was later 

found to be associated with batch effect instead (de Goffau et al., 2021; Rackaityte et al., 

2020). It is therefore important to manage batch effects before downstream etiological 

analysis to ensure accurate and reliable results. 

While batch effect has been known to affect many types of omics data, microbiome 

data presents a challenge due to a high abundance of zeros, over-dispersion of read counts, 

uneven library sizes, compositional nature, and inter-variable dependency (Y. Wang & 

Lêcao, 2020). An excess of zero counts may originate from either under-sampling or 

absence of the microbial community in the sample. In addition, data are often over-

dispersed, with counts ranging from 0 to 10,000 per microbial variable. Uneven library 

sizes, which refer to differences in sequencing efficiency across samples, can further hinder 

sample comparisons. Although development of batch effect correction methods 

specifically for microbiome data is still in its early stages, existing methods made for other 

types of sequencing data have been used to remove batch effect from microbiome data. For 

instance, one study looking at the correlation of cigarette smoking and the oral microbiome 

used the removeBatchEffect function from the LIMMA package, originally designed for 

RNA-sequencing and microarray studies, to remove batch effects from oral microbiome 

16S rRNA sequencing data (Wu et al., 2016). However, previously established methods do 

not account for the high sparsity, overdispersion, compositional nature, and inter-variable 

dependency of microbiome data and thus may be inappropriate to apply on microbiome 

data. Adjustments have been made to existing methods, such as adopting a negative 

binomial distribution model. For instance, ComBat-Seq, a batch effect adjustment tool for 
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RNA-seq count data, uses a negative binomial model to estimate the parameters of a 

systematic batch effect before adjusting the read counts to remove the batch effect (Y. 

Zhang et al., 2020). However, more work is needed to effectively remove batch effects 

from microbiome data while appropriately accounting for its specific characteristics. 

1.4 Dissertation Aims 

The aims of this dissertation seek to evaluate and optimize ComBat-Seq for 

removing batch effect from shotgun metagenomic sequencing data and to apply the method 

in an epidemiological study containing a metagenomic dataset of microbiota obtained from 

the human oral cavity. Together, these aims will illustrate the effectiveness of batch effect 

correction tools in increasing statistical power of microbiome studies. 

1.4.1 Aim 1: Evaluate the performance and limitations of ComBat-Seq in removing batch 

effect from shotgun metagenomic sequencing data 

In this aim, I evaluate the performance of ComBat-Seq, a batch effect adjustment 

tool for bulk RNA-seq count data, in removing batch effect from 16S rRNA and shotgun 

metagenomic sequencing data and compare it to other batch effect correction methods used 

in microbiome studies. Using both simulated 16S rRNA and real-world shotgun 

metagenomic sequencing datasets, I demonstrate that ComBat-Seq performs similarly to 

existing methods in removing batch effect from microbiome data while preserving the 

condition effect for downstream etiological analysis. Its application in microbiome 

profiling studies can improve the statistical power for biological discoveries connecting 

microbial communities and human health and disease. 
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1.4.2 Aim 2: Determine regional differences in oral microbial composition among adult 

Black women living in the US 

The human oral microbiome plays an essential role in oral health as resident 

bacteria have both pro- and anti-inflammatory activities crucial for supporting the host’s 

immune system and maintaining homeostasis (Deo & Deshmukh, 2019/Jan-Apr; Kilian et 

al., 2016). Regions of the US differ significantly in environment, lifestyle, and diet, all of 

which affect oral microbiome composition. As dysbiosis has been previously associated 

with both oral disease and other health outcomes, it is important to consider how regional 

differences impact the oral microbiome composition. In this aim, I use whole metagenomic 

sequencing data extracted from oral wash samples to investigate the association between 

the oral microbiome and geographical region of residence among 640 women in the Black 

Women’s Health Study. After correcting for batch effect using ComBat-Seq, I identify 

several oral health-related genera that are associated with the host’s geographical location, 

highlighting the importance of considering social and environmental factors associated 

with the host’s physical location when studying the oral microbiome. 

1.4.3 Aim 3: Improve ComBat-Seq in removing batch effect from microbiome data using 

imputation 

While existing batch effect methods have shown fair success in removing batch 

effect from microbiome data, there are certain limitations due to the sparsity and high 

variability of microbiome data. ComBat-Seq, for instance, runs into issues when dealing 

with rare microbes with few non-zero read counts, of which one or two are outliers. In this 

aim, I address this issue by introducing iComBat-Seq, an extension of ComBat-Seq that 
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incorporates imputation to the batch effect correction technique, and evaluate the 

effectiveness of this change in removing batch effect while retaining rare microbes for 

downstream analysis. I demonstrate that iComBat-Seq improves upon the original method 

in removing batch effect from microbiome data, particularly among rare taxa, and 

outperforms existing methods in preserving relevant biological signals in both simulated 

16S and real-world shotgun metagenomic sequencing data. 

  



 

10 

Chapter 2: Evaluation of ComBat-Seq in correcting batch effect in metagenomic 

data 

2.1 Background 

2.1.1 Batch Effect in Microbiome Data 

Studies of the human microbiome have advanced in recent years thanks to the 

development of 16S rRNA and full metagenome sequencing technologies, which have 

enabled large-scale profiling studies involving hundreds to thousands of individuals 

(Graessler et al., 2013; J. S. Johnson et al., 2019). Large sample sizes facilitate more robust 

and powerful analyses of the role of microorganisms in health and disease. However, these 

large-scale studies are often susceptible to serious batch effect, caused by any unwanted 

biological, technical, or computational factors (Y. Wang & Lêcao, 2020). 

One major obstacle in microbiome research is the high sensitivity of microbial 

compositions to their environment. While various biological factors, such as geography, 

age, sex, health status, stress, and diet (Foster et al., 2017; Kim et al., 2020; Singh et al., 

2017; Yatsunenko et al., 2012), are of interest when studying the microbiome, they may be 

obscured by technical elements introduced during the sample collection and processing 

stage. When samples are processed in multiple batches, any difference in laboratory 

conditions, reagent lots, and personnel between batches may affect measurements. 

Collectively, these unwanted sources of variation are known as batch effect and may 

produce spurious heterogeneity into the data, reducing replicability and muddling results 

(Leek et al., 2010). Therefore, it is crucial to manage batch effect during or before 

downstream etiological analysis to ensure accurate identification of effects of factors of 
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interest. 

While procedures for managing batch effect in other types of omics data have been 

developed, microbiome data presents a particular challenge to batch effect correction due 

to its high abundance of zeros, over-dispersion of read counts, uneven library sizes, 

compositional structure, and inter-variable dependency (Gloor et al., 2017; Kaul et al., 

2017; Y. Wang & Lêcao, 2020; Weiss et al., 2017). The excess of zero counts in 

microbiome data primarily stems from two sources: under-sampling and absence of certain 

microbes in the sampled microbial community. Under-sampling occurs when the limited 

size of the sample inhibits detection of taxa, resulting in technical or sampling zeros. This 

problem is particularly well-known in microbiome data because collected samples often 

represent only a small fraction of the true population microbial community. Rare taxa are 

especially susceptible to under-sampling due to their small presence in the true community. 

The other source of zeroes, the absence of taxa in the sample, produces an excess of 

biological or structural zeroes because certain taxa, particularly rare ones, are often only 

present in a few samples, resulting in zeroes among the remaining samples. Another 

distinct feature of microbiome data is its overdispersion: counts can range greatly for any 

given taxon. The publicly available 16S sequencing data for inflammatory bowel disease 

(IBD) from the integrative Human Microbiome Project (iHMP) contains taxa with non-

zero read counts ranging from 1 to at least 10,000 reads (Lloyd-Price et al., 2019) and 

variances that go to the millions. Together, the high sparsity and overdispersion complicate 

the modeling step and assumptions performed in conventional batch effect adjustment 

methods. 
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2.1.2 Accounting for Batch Effect vs Correcting for Batch Effect 

There are two main approaches when it comes to addressing batch effect. One 

approach is accounting for batch effect: during statistical analysis, batch effect can be 

included as a covariate in models (W. Chen et al., 2020). While this method avoids the 

issue of directly manipulating the data, its major disadvantage is decreased statistical power. 

The addition of a covariate in the model introduces additional degrees of freedom (and thus 

more variance), increasing the difficulty of rejecting the null hypothesis. As a result, it 

becomes harder to produce results with statistical certainty. The second approach is to 

correct for batch effect: before downstream analysis, batch effect can be removed entirely 

from the data (Tran et al., 2020). The main advantage here is that the methods are practical 

and enable broader application in a variety of analyses. With the removal of a covariate 

from the data, there will be more statistical power in the downstream analysis. However, 

batch effect correction has its own complications. For one, it assumes that all variance is 

either contained in the known variables or batch effect. In other words, any unknown 

variable is simply assumed to be due to batch effect. This can become a problem as it 

effectively removes our ability to contribute variance to any unknown source. 

2.1.3 Current Batch Effect Correction Tools 

Batch effects are not unique to microbiome data but rather widespread in all types 

of high-throughput experiments. While there is limited work on batch effect correction 

methods tailored specifically for microbiome data, existing standard tools developed for 

other genomic technologies have been applied to microbiome data with varying success. 

For instance, one study studying the correlation of cigarette smoking and the oral 
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microbiome used the removeBatchEffect function from the LIMMA package, originally 

designed for RNA-sequencing and microarray studies, to remove batch effects from oral 

microbiome 16S rRNA sequencing data (Wu et al., 2016). However, previously established 

tools do not account for the special characteristics of microbiome data and thus may be 

inappropriate to apply on microbiome data. For instance, ComBat, a popular batch effect 

adjustment method, assumes Gaussian distributions for the underlying distribution of the 

data (W. E. Johnson et al., 2007). However, microbiome data tend to more closely follow 

a zero-inflated negative binomial distribution, making it unsuitable for ComBat and related 

methods (Jiang et al., 2021). Thus, there is a need to adopt new methods that specifically 

account for zero inflation, over-dispersion, and complex distributions. 

 Fortunately, it is still possible to apply existing batch effect correction methods to 

a microbial abundance dataset, provided that the methods adhere to its characteristics. 

ComBat-Seq, for instance, while originally designed for RNA-sequencing count data, uses 

a negative binomial regression to model and remove batch effect, making it potentially 

applicable to microbiome data (Y. Zhang et al., 2020). Furthermore, by using quantile 

normalization to map the empirical distribution of count data to an expected “batch-free” 

distribution, it preserves the integer nature of count data after batch effect adjustment, 

allowing us to use common tools for differential abundance that require the input to be in 

counts, such as DESeq2, ANCOM-BC, and LEFse. 

 There has been recent work in batch effect correction methods tailored specifically 

to microbiome data. Developed in 2019, MMUPHin extends the method from ComBat to 

include a component accounting for the zero-inflated nature of microbial abundance data 
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(S. Ma et al., 2022). Specifically, it adds a binary zero-count indicator to allow for zero 

inflation in the model for sample read count with respect to batch variable and biologically 

relevant covariates. Just like in ComBat, MMUPHin then estimates hyperparameters with 

empirical Bayes estimators before subtracting the batch-associated variables to produce 

batch-corrected count data. MMUPHin has been used to enable microbial community 

meta-analysis for identifying novel taxa associated with IBD. Another microbiome-

specific batch effect correction method is ConQuR, which uses a conditional quantile 

regression to model non-zero count data with respect to batch and additional covariates 

(Ling et al., 2022). By relying on a non-parametric approach, it can theoretically better 

handle irregular distributions in microbiome data compared to other methods that rely on 

parametric assumptions. Another key feature of ConQuR is the use of a logistic regression 

model to determine the likelihood of presence-absence status of microbes. During the 

matching step, it can then convert some zero counts to non-zero read counts and vice versa 

depending on the sparsity of the estimated batch-free distribution compared to the original 

distribution. However, there is debate on whether batch effect correction methods should 

change features’ presence/absence across batches since zero counts can either be structural 

or sampling zeros (S. Ma et al., 2022). Nevertheless, ConQuR has shown promise in 

removing batch effect while preserving signals of interest, as demonstrated in their paper 

when applied to an epidemiology study on stool microbial associations with systolic blood 

pressure. 

 In this chapter, I evaluate the performance of ComBat-Seq compared to current 

microbiome-specific batch effect correction methods in removing batch effect from both 
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simulated 16S and real-world shotgun metagenomic sequencing data representing 

microbial communities while preserving biological effects of interest for downstream 

analysis. 

2.2 Methods 

2.2.1 Bioinformatic Tools for Batch Effect Correction 

 We evaluated three bioinformatic tools for batch effect correction: ComBat-Seq, 

MMUPHin, and ConQuR. All tools were run on R version 4.2.2. 

For all corrections using ComBat-Seq, we used ComBat-Seq from the R package 

sva version 3.46.0, installed from Bioconductor. The taxon-by-sample counts table was 

read as a matrix, batch indicators as a factor, and covariates of interest as a data frame. By 

default, the condition of interest was set to be included in the model (full_mod = TRUE), 

and shrinkage on parameter estimation and dispersion was not performed (shrink = FALSE, 

shrink.disp = FALSE). 

For all corrections using MMUPHin, we used MMUPHin version 1.12.0 from 

Bioconductor. The taxon-by-sample counts table was read as a matrix, and the metadata 

containing batch indicators and covariates was read as a data frame. Default control 

parameters were used to run MMUPHin: a zero-inflated model was used for correction 

(zero_inflation = TRUE), pseudo-count was set automatically to half of the minimal non-

zero values observed in the counts table (pseudo_count = NULL), the convergence 

threshold for the method’s iterative algorithm for shrinking batch effect parameters was set 

to 1e-4 (conv = 1e-4), and the maximum number of iterations allowed was set to 1,000 

(maxit = 1000). 
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For all corrections using ConQuR, we used ConQuR version 2.0 from GitHub. The 

taxa read count table was read as a sample-by-taxa data frame, batch indicator as a factor, 

and covariates as a data frame. The reference batch was set as “0” corresponding to the 

control batch without FC adjustment. By default, standard logistic and quantile regressions 

were used (logistic_lasso = FALSE, quantile_type = “standard”), and simple quantile-

quantile matching was not used (simple_match = FALSE). 

2.2.2 Simulated Dataset from MOMS-PI 

To compare the effectiveness of batch effect correction among tools, we generated 

a simulated dataset with a set condition and batch effect. Starting with a publicly available 

16S rRNA sequencing dataset from the Multi-Omic Microbiome Study-Pregnancy 

Initiative (MOMS-PI) (Fettweis et al., 2019), funded by the NIH Roadmap Human 

Microbiome Project (HMP) (Integrative HMP (iHMP) Research Network Consortium, 

2019), we preprocessed the data to include only buccal mucosa samples that were obtained 

during the 4th visit and have a library size of at least 4,000 read counts. We then up sampled 

the counts table to the genus level and filtered out rare taxa that were present in less than 

1% of samples. After preprocessing, the starting dataset contained 109 genera from 226 

samples. 

With the preprocessed data, we then proceeded to simulate batch effect and 

condition. We randomly assigned samples to a condition group (Condition 0 vs. 1) and 

batch (Batch 0 vs 1). Each assignment was performed using a Bernoulli distribution with 

an event probability of 0.5. To simulate association testing for individual taxa, we selected 

20 taxa to be differentially abundant between Condition 1 and 0. Selected taxa ranged from 
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least to most abundant to evaluate the effectiveness of batch effect correction on association 

testing of taxa with varying abundances. Furthermore, the selected taxa were split evenly 

to be either more or less abundant in Condition 1 (relative to Condition 0). For samples 

belonging to Condition 1, we multiplied the initial counts of positively associated taxa by 

a pre-specified condition fold change (FC) and divided the initial counts of negatively 

associated taxa by the condition FC. To simulate batch effect, for samples belonging to 

Batch 1, we multiplied the counts of half of the taxa by a pre-specified batch FC to mimic 

increased abundance in Batch 1 (relative to Batch 0) and divided the counts of the 

remaining half by the batch FC for decreased abundance. 

Due to the random selection of condition assignment and inclusion of rare taxa, 

there are cases in which one or both condition groups do not have any non-zero counts for 

a given taxon. In these cases, the taxon is considered to have structural zeroes associated 

with condition, and, if one of the two condition groups consists only of zeroes, it is 

automatically considered to be differentially abundant. Consequentially, none of the batch 

effect correction tools impacted downstream analysis in identifying such taxa since 

ComBat-Seq and MMUPHin do not alter zero reads while ConQuR hits an error when 

encountering such taxa. As such, to compare the performance of ComBat-Seq, MMUPHin, 

and ConQuR more accurately, taxa with condition-associated structural zeroes are 

excluded, keeping those that are more likely to differ across tools. 

After incorporating a simulated condition and batch effect into the data, we 

performed batch effect correction using ComBat-Seq, MMUPHin, and ConQuR. For each 

tool, we performed differential abundance analysis using ANCOM-BC2 (version 2.0.2) on 
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the resulting batch-corrected counts table to identify differentially abundant taxa associated 

with the simulated condition (Lin & Peddada, 2020). ANCOM-BC2 was set to identify 

structural zeroes based on group (struct_zero = TRUE), which removes taxa with 

condition-associated structural zeroes from further analysis. We calculated sensitivity and 

false discovery rate (FDR) using the predicted and true DA taxa to quantify the 

effectiveness of each tool in removing batch effect while preserving condition. We also 

evaluated the tools on overall removal of batch effect while preserving condition effects. 

Using PERMANOVA (Anderson, 2017) (adonis2 from the vegan R package version 2.6-

4), we calculated the R2 metric to quantify the proportion of variability in the microbiome 

data explained by batch and condition. The robust Aitchison method was used to calculate 

pairwise distances for PERMANOVA (Martino et al., 2019). 

To evaluate the robustness of the tools, we performed tests using 2 scenarios: 1) 

Condition effect > batch effect (condition FC = 64, Batch FC = 16); 2) Condition effect < 

batch effect (condition FC = 16, Batch FC = 64). For each scenario, we performed 100 

simulations. 

2.2.3 Black Women’s Health Study Dataset 

To assess ComBat-Seq in correcting batch effect in a real data, we used a shotgun 

metagenomic dataset obtained from the Black Women’s Health Study (BWHS), a large 

follow-up study of the health of 59,000 Black American women who were ages 21 to 69 

years at study baseline in 1995. Oral wash samples were obtained in 2004 through 2007 

from approximately 50% of participants. For the current study, we included BWHS 

participants from two prior nested case-control studies of the oral microbiome in relation 
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to incidence of 1) pancreatic cancer and 2) lung cancer. After removing samples with a 

library size of less than 100,000 reads, a total of 640 participants were available. Samples 

were separated into two batches, and library preparation for each batch was performed in 

a different laboratory. Consequentially, batch effect associated with sequencing laboratory 

was observed in the metagenomic data, making it suitable for batch effect correction using 

ComBat-Seq. The extracted data were then sequenced using pair-ended whole metagenome 

shotgun sequencing using a minimum of 300 ng of DNA via the Illumina HiSeq2000 

platform with a read length of 100 bp (insert size 350 bp). The metagenomic reads were 

then mapped to a comprehensive reference database containing 5,493 bacterial genomes, 

9,364 viral genomes, 308 fungal genomes, and mammalian (human and mouse) libraries 

obtained from the NCBI database. The resulting dataset consisted of 30,686 OTUs 

representing 2,629 species and 1,741 genera. To reduce the sparsity of the data, during 

preprocessing, I removed individual OTUs with less than 1,000 total read counts and all 

associated OTUs belonging to a genus with less than an 0.01% average relative abundance. 

After filtering, the data had a median of 1,867,780 reads per sample assigned to bacterial, 

viral, and fungal reference genomes. From these, I detected 3,612 OTUs representing 362 

unique species and 103 unique genera. Additional details on the BWHS dataset regarding 

sample collection, DNA extraction, sequencing, metagenomic mapping, and filtering can 

be found in Chapter 3. 
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2.2.4 Evaluating Performance in Batch Effect Removal and Differential Abundance 

Analysis for Microbial Association with Smoking Status using ComBat-Seq-Corrected 

Data 

 Even after removing rare microbes during the filtering step, we still observed batch 

effect. Thus, we corrected for batch effect using ComBat-Seq with sequencing lab as the 

batch variable. We performed batch effect correction on the metagenomic data at the genus 

level, which was the selected taxonomic level for downstream analysis. We also included 

age, gingivitis, alcohol consumption, smoking status, and BMI category as biological 

covariates to preserve in the corrected data. The covariates are included in the linear model 

used in ComBat-Seq and kept in the batch-free distribution model, resulting in the retention 

of signals from these variables in the data after correction. 

To evaluate the effectiveness of ComBat-Seq in handling batch effect in a real 

dataset, we (1) measured the presence of batch effect in the metagenomic data before and 

after batch effect removal and (2) compared the results of differential abundance analysis 

for identifying taxa associated with smoking status. For (1), we used PERMANOVA R2 

using the robust Aitchison method to quantify the proportion of variance explained by 

batch effect in both the uncorrected and corrected data. For (2), we used ANCOM-BC2 to 

identify differentially abundant taxa associated with smoking status. We adjusted for age, 

gingivitis, alcohol consumption, and BMI, all of which are known to impact oral health, as 

categorical covariates. For the uncorrected data, we also included batch as a covariate to 

demonstrate the method of accounting for batch effect. 
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2.3 Results 

2.3.1 Comparing Batch Effect Tools using a Simulated 16S Sequencing Dataset 

When correcting for batch effect in a simulated 16S dataset in which variation due 

to condition is greater than that due to batch (condition FC = 64, batch FC = 4), ComBat-

Seq performed adequately in removing batch effect correction while retaining enough 

variation associated with condition to identify the correct differentially abundant taxa with 

an average sensitivity of 0.66, compared to the baseline sensitivity of 0.70 (Figure 2.1). 

However, it did not perform well in reducing false positives with an average FDR of 0.055, 

which is slightly higher than the usual FDR cutoff of 0.05. Among the three methods tested, 

ConQuR performed the best both in identifying the correct differentially abundant taxa 

(sensitivity = 0.84) and reducing the number of false positives (FDR = 0.029). 

When comparing overall effectiveness in removing batch effect while preserving 

condition effect, we found differing results. Using PERMANOVA with the robust 

Aitchison method, we found that ComBat-Seq was able to significantly reduce the batch 

effect (Batch R2 = 0.022) while preserving most of the condition effect (Condition R2 = 

0.056). MMUPHin performed slightly better compared to ComBat-Seq (Batch R2 = 0.013, 

Condition R2 = 0.061). In contrast, ConQuR performed the worst in removing batch effect, 

retaining the highest percentage of variance that can be explained by batch (Batch R2 = 

0.078), but it also enhanced the condition effect (Condition R2 = 0.10). 
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A similar result was also seen in the scenario in which variation attributed to 

batch is greater than variation attributed to condition (condition FC = 16, batch FC = 64). 

Unsurprisingly, performance dropped for all methods with overall decreased sensitivity 

and increased FDR, except for ConQuR, which retained a similar performance as in 

Scenario 1 (Figure 2.2).   

Figure 2.1 Evaluation on the simulated data (Condition FC > Batch FC) 100 
simulations were run to compare the effectiveness of batch effect removal using ComBat-
Seq, MMUPHin, and ConQuR. Sensitivity scores (a) and FDR (b) show that ComBat-Seq 
performed similarly to MMUPHin in identifying the correct differentially abundant taxa 
and avoiding false positives, while ConQuR performed the best. PERMANOVA R2 
statistics summarize the effect of batch (c) and condition (d) after correction. 
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Figure 2.2 Evaluation on the simulated data (Condition FC < Batch FC) ComBat-Seq 
and MMUPHin performed worse overall in both sensitivity (a) and FDR (b) when the 
condition effect is less than the batch effect. ConQuR, on the other hand, retained a similar 
performance. In terms of overall effectiveness in removing batch effect (c) while 
preserving condition effect (d), ComBat-Seq and MMUPHin again performed worse. 
ConQuR, on the other hand, still performed the worst in removing batch effect, but was 
able to increase variance due to condition effect. 
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Interestingly, in both scenarios, ConQuR performed better than the baseline with 

no simulated batch effect, which suggests that ConQuR may not just be preserving the 

original variation associated with condition but in fact enhancing it. One distinctive feature 

of ConQuR is the inclusion of zero imputation, during which some zeroes are converted to 

non-zero read counts, which may improve downstream differential abundance analysis that 

relies on non-zero read counts. To test the impact of zero imputation on downstream 

Figure 2.3 Comparison of batch effect correction tools (ConQuR without zero 
imputation) Scenario 1 (Condition FC > Batch FC) was rerun with original zeroes restored 
after correction using ConQuR. After restoring zeroes, ConQuR’s performance dropped 
both in detecting true differentially abundant taxa (a) and avoiding false positives (b). On 
the other hand, it was able to improve in removing overall batch effect (c), but also dropped 
in performance regarding preserving condition effect (d). 
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analysis, after batch effect correction using ConQuR, we restored the original zeroes in the 

count table before performing differential abundance analysis. The result was a drop in 

overall performance in both sensitivity (0.72) and FDR (0.044) for ConQuR (Figure 2.3). 

Nevertheless, ConQuR still performed the best in differential abundance analysis 

compared to ComBat-Seq and MMUPHin. For overall performance in batch effect removal, 

after restoring the original zero counts, ConQuR did improve in reducing batch effect 

(Batch R2 = 0.021), but it also performed worse in preserving condition effect (Condition 

R2 = 0.078). 

2.3.2 Evaluating ComBat-Seq using a Real Metagenomic Dataset from a Large-Scale 

Epidemiology Study 

We also tested ComBat-Seq on a real dataset from the BWHS study in which 

samples were separated into two batches during library preparation, causing batch effect. 

After correcting for batch effect using ComBat-Seq, we found that ComBat-Seq was able 

to significantly reduce batch effect (PERMANOVA R2 for batch = 0.026 before correction, 

0.0090 after correction) while preserving variance attributed to smoking status 

(PERMANOVA R2 for smoking status = 0.0043 before correction, 0.0048 after correction). 

A dimension reduction using UMAP confirmed that batch effect was indeed reduced after 

correction (Figure 2.4). We also performed differential abundance analysis on the data to 

determine microbes that are significantly related to smoking status (current, past, and never) 

among our patients. To compare the differences in results between accounting for batch 

effect and correcting for batch effect, we did two independent analyses: an analysis on the 

unadjusted data where batch was included as a covariate in the modeling, and an analysis 
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on the adjusted data where batch was removed. Prior to correction, we identified 13 genera 

to be associated with current smokers compared to never smokers. After correction, we 

were able to detect 18 differentially abundant taxa. Taxa that were identified only after 

correction include Peptoniphilus (P = 0.019), Nocardia (P = 0.0094), Verticillium (P = 

0.023), Candida (P = 0.041), Debaryomyces (P = 0.018), Roseolovirus (P = 0.014), 

Xanthomonas (P = 0.024), and Mycolicibacterium (P = 0.035). Nocardia, which is known 

to cause nocardiosis, was previously identified to be significantly associated with cigarette 

smoking among non-immunocompromised patients (Steinbrink et al., 2018). Xanthomonas 

belongs to the Proteobacteria phylum group, which is known to be depleted among current 

smokers (Wu et al., 2016). Overall, we found that the adjusted analysis identified more 

microbes compared to the unadjusted method, which suggests that batch effect correction 

is effective in increasing the statistical power to identify more microbes related to the 

biological factor of interest. 

Figure 2.4 Removal of batch effect from BWHS dataset (a) Batch effect is observed in 
the original dataset, in which batch 1 clustered separately from batch 2. (b) after correction 
using ComBat-Seq, no clustering based on batch was observed. 
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2.4 Discussion 

 Batch effect removal is a challenging task in microbiome data due to its zero-

inflation, overdispersion, and compositional nature that distinguish it from other types of 

omics data. Therefore, it is important to select batch effect correction tools that account for 

the complex distribution of microbiome data. In this chapter, I evaluated the performance 

of ComBat-Seq in removing batch effect from both 16S rRNA and shotgun metagenomic 

sequencing data used in microbiome profiling studies. 

Although ComBat-Seq was originally designed for bulk RNA-sequencing data, we 

have shown that its ability to remove batch effect from both 16S rRNA and shotgun 

metagenomic sequencing data is comparable to methods tailored specifically for 

microbiome data, such as MMUPHin and ConQuR. ComBat-Seq performed well in 

removing batch effect in the simulated data while preserving the condition effect, showing 

similar performance to MMUPHin and ConQuR (without imputation). It also demonstrated 

solid performance in correcting batch effect in a real shotgun metagenomic dataset, 

improving detection of individual taxa associated with relevant biological factors of 

interest. ComBat-Seq showed a higher sensitivity and lower FDR compared to MMUPHin. 

ConQuR did perform the best among the three methods, but its advantage was mainly due 

to its use of zero imputation to replace zeroes predicted to be due to under-sampling. 

However, zero imputation also resulted in unwanted noise associated with batch, resulting 

in increased variance due to batch after correction using ConQuR. Given the uncertainty 

of distinguishing sampling zeros from biological zeros, it may be more appropriate to focus 

on correcting non-zero abundance batch effects to avoid the complications of changing 
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features’ presence/absence across batches. 

ComBat-Seq’s main advantage is its assumption that read counts follow a negative 

binomial distribution, which is commonly used to address over-dispersion and sparsity 

issues in count data (White & Bennetts, 1996). The use of a negative binomial distribution 

to model microbiome count data have been shown to be more powerful than conventional 

linear mixed models in detecting more significant taxa (X. Zhang et al., 2017). Zero-

inflated Gaussian distributions (used in MMUPHin) can also be used, but it requires the 

count or proportion data be log-transformed first, which can entail the use of a pseudo 

count to avoid log(0). However, pseudo-counts can negatively impact downstream analysis 

by obscuring small signals associated with variables of interest. 

  There remain several limitations in using ComBat-Seq on microbiome data. First, 

like other batch removal methods, it struggles to correct for batch effect among rare taxa 

due to the lack of non-zero read counts needed to fit a stable model. The common solution 

is to remove rare taxa during the preprocessing step. However, while it improves the 

performance of ComBat-Seq in overall batch effect removal, it comes at the expense of 

lost data, particularly among rare microbes which may play significant roles in their 

microbial communities and host. Second, ComBat-Seq performs particularly badly when 

dealing with outliers, specifically within rare taxa. When outliers are present within a few 

non-zero read counts, ComBat-Seq tends to intensify the outliers, adjusting them to 

nonrealistic counts. Consequentially, this has a major impact on downstream analysis when 

counts are converted to relative abundances. For samples containing outliers in rare taxa, 

when the outlier is intensified, the relative abundances of such taxa increase significantly, 
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sometimes even becoming the most abundant within the sample, which the relative 

abundances of other taxa drop in response. Such significant changes in microbial 

composition can negatively affect downstream analysis, especially among studies with a 

small sample size. 

 Overall, ComBat-Seq is a viable method for removing batch effects from both 16S 

rRNA and shotgun metagenomic data, and its performance will improve with increased 

sample size and fewer outliers. Its application in microbiome profiling studies will improve 

the statistical power for biological discoveries connecting microbial communities and 

human health and disease. 
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Chapter 3: Regional variation analysis of the oral microbiota among adult Black 

women living in the US 

3.1 Background 

3.1.1 Oral Microbiome 

First identified in the late 1600s by Antonie van Leeuwenhoek, known as the father 

of microbiology, and considered to be the second most diverse microbial community in the 

human body, the human oral microbiota consists of a wide range of symbiotic, commensal, 

and pathogenic microorganisms that colonize the oral cavity (Deo & Deshmukh, 2019/Jan-

Apr). These microorganisms can be found on the hard surface of the teeth as well as the 

soft tissue of gums, tongue, and inside of the cheeks. With the highest alpha diversity 

among all the habitats on the human body, the oral microbiome is incredibly diverse, with 

hundreds of different species of bacteria alone. Using the Human Microbiome Project, one 

of the largest microbiome datasets to date, a study analyzed the microbial composition of 

nine intraoral sites (buccal mucosa, hard palate, keratinized gingiva, palatine tonsil, saliva, 

subgingival plaque, supragingival plaque, throat, and tongue dorsum) and found between 

185 and 322 genera belonging to 13–19 phyla (Zhou et al., 2013). This plethora of bacteria 

can coat the surfaces of the oral cavity to form a structured, relatively stable biofilm (Marsh, 

2006). 

In contrast to early studies that presumed oral bacteria to be harmful, thanks to the 

advancements of next-generation gene-sequencing technologies, researchers have now 

determined the oral microbiota to play an essential role in oral health and other health 

outcomes. As it turns out, resident bacteria have both pro- and anti-inflammatory activities 
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crucial for supporting the host’s immune system and maintaining homeostasis, both locally 

and throughout the body (Yu et al., 2019). For instance, Streptococcus salivarius, one of 

the first colonizers of the human oral cavity after birth, has been shown to significantly 

inhibit inflammation (Kaci et al., 2014). In addition, bacteria in the oral cavity help to 

regulate acidity, kill harmful pathogens, and even reduce blood pressure. On the other hand, 

dysbiosis of the oral microbiota have been linked to major oral diseases, including caries, 

periodontitis, and gingivitis (Davis et al., 2020; Yu et al., 2019), as well as several distal 

diseases, including obesity and pancreatic cancer (Gaiser et al., 2019; Yang et al., 2019). 

As changes in oral microbial community compositions have been shown to be 

associated with health and disease, it is important to identify and examine factors that can 

influence the oral microbiome. The oral microbiota regularly interacts with the outside 

environment, and its composition is impacted by exposure to a wide variety of stimuli, 

including diet, oral hygiene practices, romantic partners, alcohol consumption, and tobacco 

use (Fan et al., 2018; Kato et al., 2017; Kort et al., 2014; Tribble et al., 2019; Wu et al., 

2016). These external factors can significantly influence the overall function of the oral 

microbiome. Conventional oral hygiene, for example, was initially thought to be necessary 

for getting rid of as many oral bacteria as possible, including beneficial oral microbes. 

Many brands of mouthwash contain chlorhexidine that destroys much of the oral microbial 

community. However, a 2020 study found that the use of chlorohexidine mouthwash 

resulted in more acidity in the mouth and lower nitrite availability, leading to higher blood 

pressure (Bescos et al., 2020). For efforts in manipulating the oral microbiome to succeed, 

there is a need to better understand the various factors that contribute to it. 
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3.1.2 Geographical Location and Microbial Composition 

One such factor that may influence the oral microbiota is the geographical location. 

A prior study examined the oral microbiome, using 16S rRNA gene sequencing, of native 

Alaskans, Germans, and Africans and reported that the alpha- and beta-diversity differed 

between the groups (Li et al., 2014). However, this study only considered geographical 

differences between countries and did not examine geographical heterogeneity within a 

country. Another study in China observed significant differences in the gut microbiome 

composition when comparing subjects from different provinces, even when they restricted 

to the Han ethnic group (Kwok et al., 2014). No such study has been conducted in the US, 

where there is heterogeneity in culture, diet, environment, and lifestyle across regions, all 

of which could potentially influence the healthy state of oral microbiome. In our study, we 

present a comparative analysis of oral microbiome diversity among participants of the 

Black Women’s Health Study living in various regions in the US. 

3.2 Methods 

3.2.1 Study Population and Oral Wash Samples 

The Black Women’s Health Study (BWHS) is a large follow-up study of the health 

of 59,000 Black American women who were ages 21 to 69 years at study baseline in 1995. 

Oral wash samples were obtained in 2004 through 2007 from approximately 50% of 

participants (Adams-Campbell et al., 2016; Cozier et al., 2004). All samples were obtained 

via the mouthwash-swish method. Participants were asked to take a mouthful of Scope® 

mouthwash (at least ½ hour after eating or drinking), swish vigorously for 45 seconds, and 

spit the sample into a screw-top polypropylene jar. This method has been shown to produce 
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similar quality of DNA as the buccal swab method (García-Closas et al., 2001). The 

samples were then mailed via first class mail to the BWHS laboratory and processed on 

the day of receipt. Buccal cells from oral wash samples were centrifuged using TE buffer, 

aliquoted as a pellet into a 2ml vial, and stored at -80 degrees Celsius.  

For the current study, we included BWHS participants from two prior nested case-

control studies of the oral microbiome in relation to incidence of 1) pancreatic cancer and 

2) lung cancer. All participants were cancer-free at the time of oral wash collection. A total 

of 640 participants were available. 

3.2.2 DNA Extraction and Metagenomic Sequencing 

Buccal cell samples were sent to research laboratories at either Harvard University 

or Vanderbilt University, where DNA was extracted using the PowerSoil Pro kit (MoBio 

Laboratories, Inc.), which has been shown to increase the ratio of bacterial and fungal to 

human DNA extracted (Goodrich et al., 2014). The extracted DNA were then sent to BGI 

Genomics, where pair-ended whole metagenome shotgun sequencing was performed using 

a minimum of 300 ng of DNA via the Illumina HiSeq2000 platform with a read length of 

100 bp (insert size 350 bp).  

3.2.3 Mapping Metagenomic Data 

We used PathoScope 2.0 to map metagenomic reads to a comprehensive reference 

database of prokaryotic, eukaryotic, and viral genomes (Hong et al., 2014). The reference 

genome libraries (downloaded February 28, 2020) were generated from RefSeq’s 

representative genomes and consisted of 5,493 bacterial genomes, 9,364 viral genomes, 

308 fungal genomes, and mammalian (human and mouse) libraries. Reads that were 
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successfully mapped to bacterial, viral, and fungal genomes were included, while any reads 

that were mapped to human or mouse genomes were removed. From PathoScope’s output 

of final best hit read numbers, each of which represents the number of reads that are 

mapped to a specific genome in the database, we created counts tables for each sample at 

the genus, species, and operational taxonomic unit (OTU) level (lowest taxonomic level 

possible).  

3.2.4 Filtering Data 

After alignment with PathoScope, the resulting data consisted of 30,686 OTUs 

representing 2,629 species and 1,741 genera. It was observed that 90.7% of observed read 

counts were zeroes, suggesting that many OTUs were observed in only a small subset of 

samples. Indeed, 18,553 OTUs (60.5%), 1,021 species (38.8%), and 614 genera (35.3%) 

were observed in less than 1% of samples (≤ 7 samples), of which 9,594 (31.3%), 384 

(14.6%), and 210 (12.1%) were present in only 1 sample. The extremely small sample sizes 

for these taxa would significantly reduce the statistical power to detect significant 

differences across regions. Hence, to reduce the overabundance of zeroes present in the 

data and improve overall coverage of observed OTUs, two filtering criteria were applied: 

1) remove individual OTUs with less than 1,000 total read counts and 2) remove all 

associated OTUs belonging to a genus with less than an 0.01% average relative abundance. 

The cut-off for average relative abundance was chosen based on a previous study that 

compared different filtering methods for removing contaminants (Cao et al., 2021). 

Following the above filtering criteria, we removed 26,536 OTUs that each had less than 

1,000 total reads across all samples and an additional 538 OTUs that belonged to rare 
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genera with average relative abundances of less than 0.01%. After the filtering process, the 

samples had a median of 1,867,780 reads per sample assigned to bacterial, viral, and fungal 

reference genomes. From these, we detected 3,612 OTUs representing 362 unique species 

and 103 unique genera. 

3.2.5 Geographical Clusters 

K-means clustering was performed to categorize the participants into different 

geographical groups. We determined k-means clustering to be optimal for maximizing 

statistical power in downstream analyses due to the non-uniform distribution of participants 

across the US: many samples clustered around major cities on the East and West coasts 

and, more notably, we observed very few participants living in the Mountain region. We 

used longitude and latitude coordinates extrapolated from zip code data and the k-means 

function from the stats R package (maximum of 100,000 iterations and 10,000 random 

initial cluster centers). We determined 6 clusters to be optimal based on the average 

silhouette method (Rousseeuw, 1987). Using k-means clustering, we separated the 

participants into 6 geographical clusters: North-East coast (N = 231), South-East coast (N 

= 76), North Midwest (N = 174), South Midwest (N = 41), North-West coast (N = 50), and 

South-West coast (N = 68) (Figure 3.1). Most participants came from the Northeast coast 

and North Midwest regions. 
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3.2.6 Correcting for Batch Effect 

As the samples were processed at two different labs at three different timepoints, 

there are potential technical differences in the sample batches. Thus, we evaluated the 

metagenomic data for batch effects. In a UMAP plot of the data, we observed that samples 

whose library preparations were performed in one lab clustered separately from those with 

library preparations from the other lab. In addition, we observed that samples from one 

batch had significantly higher abundances of Rothia and Actinomyces compared to the 

other two batches. Even after removing rare microbes during the filtering step, we still 

noted batch effect, which suggests that batch effect affected even the more common 

microbes among our samples. Thus, we corrected the observed batch effect using ComBat-

Seq with sequencing lab as the batch variable (Y. Zhang et al., 2020). We also included 

outcome, region, age, gingivitis, alcohol consumption, smoking status, BMI category, and 

Figure 3.1 Geographical clustering of samples across the US via K-Means 
Clustering. Latitudinal and longitudinal data were extrapolated from zip code 
information, and K-means clustering was performing using latitude and longitude. 6 
geographical clusters were identified: North-East coast (N = 231), South-East coast (N = 
76), North Midwest (N = 174), South Midwest (N = 41), North-West coast (N = 50), and 
South-West coast (N = 68). No subjects living in the Mountain range (between the West 
coast and Midwest regions) were observed. 
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neighborhood socioeconomic status (SES) quartile as biological variables to preserve in 

the corrected data. After correction, the adjusted data showed no clusters separating 

samples sequenced from Batch 1 and samples sequenced from Batch 2 (Figure 3.2). 

Differences in higher-abundance genera that were observed across batch groups in the 

unadjusted data were not observed in the adjusted data. A hierarchical clustering of the 

samples confirmed a significant difference in batch composition between two unsupervised 

clusters using a chi-square test (P < 0.001). After applying batch effect correction using 

ComBat-Seq and re-clustering the samples, we did not observe any significant separation 

for samples based on batch (P = 0.90), which suggests that we successfully removed the 

variation due to batch effect. 

Figure 3.2 UMAP of metagenomic data before and after ComBat-Seq batch effect 
correction. Prior to adjustment, samples from Pancreatic Batch #1 (labeled Batch 1) 
clustered separately from samples from Pancreatic Batch #2 and Lung Batch (combined 
and labeled as Batch 2). After batch effect correction, we did not observe any separate 
clustering between Batch 1 and Batch 2. 
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3.2.7 Differential Abundance Analysis 

To investigate differences between the geographic groups in oral microbiome 

composition, we performed differential abundance analysis using the R packages DESeq2, 

Limma, and ANCOM-BC (Lin & Peddada, 2020; Love et al., 2014; Ritchie et al., 2015). 

We adjusted for age, gingivitis, alcohol consumption, smoking status, BMI, and 

socioeconomic score (SES) as categorical covariates, all of which are known to impact oral 

health. Rather than relying on a single differential abundance analysis tool, which can 

produce substantially different results compared to other tools, we chose to use a consensus 

approach based on multiple methods to ensure robust results (Nearing et al., 2022). We 

observed that DESeq2 identified the most microbes to be differentially abundant even after 

multiple comparison correction while Limma and ANCOMBC were particularly stringent 

in identifying microbes. Thus, to balance, we used an unadjusted p-value cutoff of 0.05 for 

Limma and ANCOM-BC and an adjusted p-value cutoff of 0.05 for DESeq2. 

Table 3.1 Differentially abundant genera identified using DESeq2, Limma, and 
ANCOM-BC. We adjusted for age, gingivitis, alcohol consumption, smoking status, BMI, 
and socioeconomic score (SES) as categorical covariates, all of which are known to impact 
oral health. Microbes were identified to be differentially abundant if it had a significant p-
value for at least two of the three methods (adjusted p-value for DESeq2 and unadjusted p-
value for Limma and ANCOM-BC). 
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3.3 Results 

Of the covariates included in our model, we found that age category and 

neighborhood SES quartiles were significantly different across geographical clusters. 

Notably, the South Midwest and South-West coast had higher proportions of subjects aged 

70 and above, the South-East coast had higher proportion of subjects aged 60 to 64, and 

the North-West coast had higher proportions of subjects aged 65 to 69. For neighborhood 

SES, the Midwest clusters (both North and South) had more subjects who fell in the lowest 

quartile, the Southeast coast and Southwest coast had more people who fell in in the third 

quartile, and the Northwest Coast cluster had more subjects who fell in the highest quartile. 

We observed no differences between geographic location and BMI category, gingivitis, 

alcohol consumption, smoking status, number of packs smoked, or American Healthy 

Eating Index (AHEI) score. 

We did not identify any significant difference in alpha diversity at the genus level 

among samples from different geographical clusters. However, when examining individual 

taxa, we identified 8 differentially abundant genera across the 6 geographical clusters: 

Bifidobacterium, Capnocytophaga, Corynebacterium, Eggerthia, Paulgensenia, 

Peptostreptococcus, Porphyromanas, and Pseudoproprionibacterium (Table 3.1). Notably, 

we found Bifidobacterium to be more abundant among those living in the Northwest Coast 

compared to the other geographical clusters (Figure 3.3). Corynebacterium was also 

identified to be more abundant in the Northwest coast. In addition, several genera had 

consistent trends when comparing the North and the South parts of each region (East coast, 

Midwest, and West coast). Capnocytophaga was markedly more abundant in the North 
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regions compared to their South counterparts while Eggerthia was more abundant in the 

South regions. We did not observe a trend between Capnocytophaga and latitude when 

using a generalized linear model (P = 0.37). However, we did observe that among the 

subjects living in the West Coast, those living in higher latitudes were more likely to have 

higher abundances of Capnocytophaga compared to the those living in lower latitudes (P 

= 0.016). 

Figure 3.3 Distribution of differentially abundant genera stratified by geographical 
cluster: subjects living in the North-West coast showed overall higher abundances of 
Bifidobacterium, Corynebacterium, and Pseudopropionibacterium and lower abundances 
of Eggerthia compared to those living in other regions. Subjects living in the South-East 
and South-West coasts showed lower abundances of Capnocytophaga and Porphyromonas 
while those living in the North-East coast displayed higher abundances of Pauljensenia. 
Higher abundances of Peptrostreptococcus were observed among those living in the South-
East coast and North-Midwest. Age, gingivitis, alcohol consumption, smoking status, BMI, 
and socioeconomic score (SES) were controlled as categorical covariates. 
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At the species level, we identified 29 differentially abundant species across 

geographical clusters. Notably, among them, we found 4 species from Actinomyces (A. 

dentalis, A. israelii, A. massiliensis, and A. timonensis), 3 species from Bifidobacterium (B. 

breve, B. dentium, and B. mongoliense), 2 species from Capnocytophaga (C. canimorsus 

and C. granulosa), 1 specie from Corynebacterium (C. matruchotii), 2 species from 

Lactobacillus (L. aviarus and L. equicursoris), and 2 species from Streptococcus (S. 

gallolyticus, S. macacae, and S. urinalis). 

To determine whether the identified differences in genera abundances were 

influenced by diet, we performed a differential abundance analysis with the American 

Figure 3.4 Distribution of AHEI score stratified by geographical clusters. there is a 
significant difference in distribution of AHEI score across the geographical clusters, with 
subjects living the North and South-West coast displaying overall higher AHEI scores 
compared to those living in the Midwest and East coast regions. 
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Healthy Eating Index (AHEI), a measure of diet quality used to assess how well a set of 

foods align with key recommendations of the Dietary Guidelines for Americans. AHEI 

distribution differed across our clusters, which we confirmed using a Kruskal-Wallis rank 

sum test (P = 0.015) (Figure 3.4). Interestingly, when AHEI score was included in our 

model for geographic region, Bifidobacterium was no longer differentially abundant across 

regions. 

  
3.4 Discussion 

 In this study of a sample of U.S. Black women, we identified several key microbes 

that were differentially abundant across specific regions of the US. Among the identified 

microbes were key microbes that play important roles in overall and oral-specific health, 

highlighting the importance in considering environmental factors stemming from the host’s 

physical location when studying the oral microbiome. 

The present study is the first major study of the oral microbiome in relation to 

geographic region of the US among adult Black women. Previous studies have examined 

global comparisons of microbiome composition among individuals. One study analyzed 

the saliva microbiome from a total of 152 healthy individuals living in different geographic 

and climatic environments: 76 native Alaskans, 10 Germans, and 66 Africans (Li et al., 

2014). Using next-generation sequencing of partial 16S rRNA gene sequences, they found 

significant differences in both beta and alpha diversity at both the OTU and genus levels 

among the three groups, with Africans having the greatest beta diversity and lowest alpha 

diversity and Germans having the lowest beta diversity and greatest alpha diversity. They 

also found that native Alaskans and Germans shared more similarities in the saliva 



 

43 

microbiome than between either group and Africans, suggesting an association between 

saliva microbiome composition and latitude. However, while previous studies investigated 

more global comparisons of human microbiomes, they had conflicting results when it came 

to more granular levels (within a country). For example, the previously mentioned study 

did not find differences in salivary microbiota composition among the four Alaskan groups 

based on geographical location, whereas significant differences were observed among the 

three African groups (Li et al., 2014).  

A study of the human gut microbiota in China considered both ethnicity and 

geographic region within China among 314 individuals belonging to 7 ethnic groups and 

living in 9 provinces (Kwok et al., 2014). They found that ethnic origin contributed to 

shaping the human gut microbiota and they also observed significant differences between 

Han Chinese living in the northernmost province (Heilongjiang) and Han Chinese living 

in the more central provinces (Henan, Jiangsu, and Sichuan). Considering the ongoing 

question of whether geographical location plays a crucial role in shaping oral microbiome 

composition, we sought to investigate the impact of geographical location on oral 

microbiome composition among adult Black women across the US. 

A differential abundance analysis revealed several genera that were differentially 

abundant among our geographical cluster groups. Interestingly, Black women living in the 

Northwest Coast displayed higher abundances of Bifidobacterium, whose species are 

known to be probiotics that have been used to alleviate diarrhea, constipation, and other 

intestinal disorders (O’Mahony et al., 2005). Due to their health-promoting properties, 

Bifidobacteria have been used as active ingredients in many functional foods. One 



 

44 

explanation for our results is that people living on the Northwest Coast consume more food 

containing Bifidobacteria (e.g., yogurt, fermented foods) compared to those living in other 

parts of the US. Previous studies have found that plant-based diets that are generally 

naturally low in fat tend to be associated with a higher abundance of Bifidobacteria in the 

human gut microbiota (Tomova et al., 2019). As most BWHS participants in the Northwest 

Coast region live around the San Francisco Bay area or in the Seattle area, an explanation 

for the higher abundance of Bifidobacterium is the preference of plant-based/vegan diets 

in that region compared to other parts of the US. Indeed, when we included the AHEI 

variable as a covariate in the model, Bifidobacterium was no longer strongly identified as 

differentially abundant across clusters. 

Another interesting observation was that Corynebacterium had differing 

abundances across our six geographical clusters. One detected species is C. matruchotii, a 

Gram-positive actinobacteria that has been previously identified to be among the most 

prevalent species in the adult human oral core microbiome (Eriksson et al., 2017). Most 

notably, studies have identified C. matruchotii to be the central filament to which other 

bacteria such as Streptococcus and Actinomyces bind to form the tooth biofilm, which, in 

an unhealthy state, can serve as the etiological agent for major dental diseases (Esberg et 

al., 2020; Marsh, 2006). The varying levels of abundances of Corynebacterium across 

geographical clusters could suggest differences in tooth biofilm formation and 

susceptibility to dental disease.  

 Finally, several studies have found a correlation between microbiome composition 

and distance from the equator. To that end, we identified several genera that had differing 
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levels of abundance between the North and South pairs of each of the three major regions. 

Eggerthia appeared to be more abundant in the South, while Capnocytophaga appeared to 

be more abundant in the North. Bacteria belonging to the Capnocytophaga genus are often 

dependent on increased levels of carbon dioxide (Kapke et al., 1980); therefore, they may 

be more likely to survive and grow in the Northern Regions that experience greater 

fluctuations in carbon dioxide levels compared to the Southern Regions. In addition, 

Capnocytophaga has been linked to periodontal infections including periodontitis, 

septicemia, and endocarditis (Idate et al., 2020; Sakai et al., 2019). 

We acknowledge several limitations in the present study. First, samples were 

collected at one point in time via a self-collected oral wash method, which could lead to 

potential contamination or information bias in specimen quality and accuracy. Second, we 

were not able to control for oral hygiene practices, which play an important role in 

maintaining oral health via removal of plaque. Third, our findings are limited to the regions 

where most subjects resided. Fourth, DNA extraction was performed in different labs, 

which resulted in batch effects. However, any technical bias is likely to be minimal as batch 

effect was removed using ComBat-Seq prior to differential abundance analysis.  

Our study benefitted from a large sample size limited specifically to adult Black 

women. This removed noise or confounding by sex/gender and by racial group (Dwiyanto 

et al., 2021; Z. S. Ma & Li, 2019). In addition, detailed data previously collected from this 

cohort allowed for the adjustment of various confounders including age, BMI, smoking 

status, alcohol consumption, gingivitis, neighborhood SES quartile, and AHEI. 

Our results emphasize the importance of considering social/environmental factors 
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associated with the host’s physical location when studying the oral microbiome. As more 

studies seek to identify key microbial biomarkers for oral health, it is important to control 

for geographical region as a confounder. Future studies inclusive of samples from differing 

geographic regions should examine how the baseline oral health differs by location and 

adjust if needed. 
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Chapter 4: Incorporation of Imputation to Improve ComBat-Seq in Removing 

Batch Effect from Rare Microbes 

4.1 Background 

4.1.1 Rare Microbes and their Roles in Microbial Ecosystems 

Microbiome communities usually exhibit a skewed microbial abundance 

distribution, composing of a few dominant microbes and numerous low-abundance 

microbes that occupy a small proportion of the community (Dunbar et al., 2002; Lozupone 

et al., 2012). Traditionally, microbial studies remove rare microbial taxa from their data 

due to the statistical challenge of detecting effects within features with a small sample size 

of non-zero read counts. However, because of this filtering approach, these studies 

systematically overlook a substantial part of the microbial community. 

Despite their low abundances, there has been increasing evidence that rare microbes 

play active roles in both environmental ecosystems and host-associated microbial 

communities. While they may not contribute significantly under normal conditions, rare 

microbes can become important under changing conditions by providing necessary traits 

or acting as partners in new interspecific interactions (Shade et al., 2014). These microbes 

have been found to play important roles in nutrient cycling, carbon storage, and other key 

processes that are critical to the health of ecosystems. In plant tissue, rare foliar endophytes 

have been found to affect host size and foliar nitrogen content when Alternaria fulva, a 

dominant fungal endophyte, is absent (Harrison et al., 2021). They have also been linked 

to the discovery of new antibiotics, enzymes, and other bioactive compounds that have the 

potential to benefit human health and biotechnology. Rare microbes also play significant 
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roles in human health and disease. Several studies have linked rare microbes to major 

diseases and human health. For instance, one study identified the expansion of 

Actinobacteria with a decrease in abundant taxa among patients with rheumatoid arthritis 

(Ma et al., 2022).  

Overall, the study of rare microbes holds great promise for advancing our 

understanding of the natural work and improving our ability to address key environmental 

and health challenges. Hence, it is vital to develop improved methods or strategies that 

overcome challenges hindering the study of rare microbes. 

4.1.2 Issue of Batch Effect Correction Methods in Managing Batch Effect among Rare 

Microbes 

 Rare microbes are incredibly valuable in terms of their potential significance; 

however, their sparsity poses significant challenges when it comes to accurately modeling 

and performing statistical analysis. One specific challenge is the impact of batch effects on 

rare microbes, and unfortunately, existing tools are unable to adequately address this issue. 

Current batch effect correction methods are unable to generate stable estimates with few 

non-zero read counts, which can lead to impractical and unreliable adjustments. When we 

attempted to use ComBat-Seq to correct for batch effect among very rare taxa, we found 

that, in a few cases, outliers can become intensified, resulting in unrealistic counts (Y. 

Zhang et al., 2020). Consequentially, this has a major impact on downstream analysis when 

counts are converted to relative abundances. For samples containing outliers in rare taxa, 

when the outlier is intensified, the relative abundances of such taxa may increase 

significantly, sometimes even becoming the most abundant within the sample, with the 
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relative abundances of other taxa dropping in response. Such significant changes in 

microbial composition can negatively affect downstream analysis, especially among 

studies with small sample sizes. Several ways to address this issue are to remove rare taxa 

during quality control or up-sample to higher taxonomic levels to reduce the proportion of 

zeros. MMUPHin, for instance, includes a filtering step to remove problematic taxa prior 

to batch effect correction (S. Ma et al., 2022). However, these practices result in the loss 

of valuable data, specifically that of rare microbes, which may play active roles in microbial 

communities. Given that we may want to keep rare taxa for downstream analysis, it is 

important to address this issue to retain as many rare taxa as possible. 

4.1.3 Imputation 

 High sparsity in microbiome data is an example of the common occurrence of 

missing data often observed in real-world datasets. Missing data can introduce a significant 

degree of bias, make processing and analyzing data more difficult, and reduce efficiency. 

One way to deal with missing data is to remove observations with missing data, but as a 

result, valuable information is lost. A popular alternative is imputation, a widely used 

technique to replace missing data with estimated or predicted values and facilitate data 

analysis. First conceived in 1930, this technique has benefited various fields by providing 

a way to handle missing data and create more complete datasets for statistical analysis 

(Allan & Wishart, 1930). Imputation methods have success in recommendation systems, 

imaging, and finance (Bryzgalova et al., 2022; Dalca et al., 2018; Yuan et al., 2019). In 

medicine, imputation has been used to improve breast cancer prognosis accuracy, inform 

discharge assessment of patients with spontaneous supratentorial intracerebral hemorrhage, 
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and handle missing data in randomized clinical trials (Jakobsen et al., 2017; Jerez et al., 

2010; H. Wang et al., 2022). As such, there is appeal in using imputation to solve the issue 

of sparsity in data and enhance the statistical power of identifying significant features or 

signals. 

Several tools exist to impute missing values from compositional data, one of which 

is zCompositions, an R package used to impute missing values in multivariate data with 

left-censored values under a compositional approach (Palarea-Albaladejo & Martín-

Fernández, 2015). Unlike standard approaches, it considers aspects such as scale invariance, 

sub-compositional coherence, and preservation of the relative variance structure. These 

properties are desirable under a compositional approach to data analysis. One of the 

challenges with imputing missing values in compositional data is that the sum of the parts 

must always equal 100%, which means that the values of the other parts must change if 

one part is imputed. zCompositions addresses this challenge by transforming the 

compositional data into an isometric log-ratio (ilr) space. By transforming each observation 

with respect to an orthonormal basis to get the ratios between components, the data is 

isometrically mapped into a space of real coordinates, which allows for the use of standard 

statistical methods and more straightforward imputation of missing values (Egozcue et al., 

2003). By using the ilr transformation, zCompositions can impute missing values in 

compositional data while preserving the constraints of the compositional space. This can 

result in more accurate imputations and more reliable statistical analyses of compositional 

data. Given its ability to impute missing values in compositional data, zCompositions could 

potentially be used to tackle the challenge of ComBat-Seq by generating additional non-
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zero read counts before implementing batch effect correction. 

In this chapter, I introduce iComBat-Seq, which expands the ComBat-Seq 

adjustment framework to address the challenges in batch correction among features with 

high proportions of zeros. Specifically, I use imputation to replace zeroes in the data with 

estimated positive values prior to batch effect adjustment using a negative binomial 

regression model. I demonstrate that, by using imputation to enhance batch effect 

correction, iComBat-Seq can retain a greater number of rare taxa while preserving similar 

benefits in differential abundance analysis compared to other adjustment methods. 

4.2 Methods 

4.2.1 Imputing Zeroes in Microbiome Data using zCompositions 

To enhance the performance of iComBat-Seq in correcting for batch effect, prior to 

batch effect correction, I performed imputation using the zCompositions R package (v 

1.4.0-1) to replace zeroes in the dataset with estimated non-zero read counts. To avoid 

mixture of predicted non-zero read counts across batches, conditions, and covariates (if 

present), I split the count table on each variable. Since zCompositions requires non-zero 

values to estimate new values for zero replacement, any taxa with less than 2 non-zero read 

counts across all samples belonging to a given batch were excluded from the corresponding 

batch-specific count table. After filtering, zCompositions was used to replace all zeros in 

the batch-specific count table. After zero imputation, the removed taxa were added back to 

the count table. All the batch-specific count tables were then recombined to form a final 

zero-imputed count table, from which batch effect was removed using ComBat-Seq. 

Finally, to prevent possible bias caused by imputation in downstream analysis, the original 
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zeroes before imputation were restored in the corrected count table. 

4.2.2 Assessing Outliers and Degree of Adjustment after Batch Effect Correction 

 As one of the main goals of improving ComBat-Seq is to reduce the prevalence and 

severity of outliers, I used several metrics to determine the overall performance of both the 

original ComBat-Seq and iComBat-Seq in avoiding outliers when performing batch effect 

correction. I also compared the two methods with MMUPHin, which was similarly based 

on ComBat. Because microbiome count data is often converted into compositional data for 

downstream analysis, I assessed outliers in both the count and logCPM tables 

corresponding to the absolute and relative measurements of the data, respectively. 

To assess outliers in the absolute measurements, I calculated the relative difference 

between the adjusted reads and the original reads (excluding zeroes) with the original read 

as the reference. Using the calculated relative differences, I identified potential outliers 

using the interquartile range (IQR) criterion: any observation was identified as an outlier if 

it was above 𝑞𝑞0.75 + (1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼) or below 𝑞𝑞0.25 − (1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼) , where 𝑞𝑞0.25  and 𝑞𝑞0.75 

correspond to the first and third quartiles, respectively, and 𝐼𝐼𝐼𝐼𝐼𝐼 is the difference between 

the third and first quartile. 

For outlier detection in the logCPM table, I calculated the difference between the 

adjusted and unadjusted logCPM (excluding zeroes). Because the calculated differences 

followed a normal distribution (confirmed visually using a Q-Q plot), I converted the 

differences into z-scores, using the following equation: 

𝑧𝑧𝑖𝑖 =
𝑥𝑥𝑖𝑖 − 𝜇𝜇
𝜎𝜎
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Where 𝜇𝜇 and 𝜎𝜎 are respectively, the mean and standard deviation of differences between 

adjusted and unadjusted logCPM across all taxa and 𝑧𝑧𝑖𝑖 and 𝑥𝑥𝑖𝑖 are the z-score and observed 

difference for taxon 𝑖𝑖, respectively. Observations with an absolute z-score greater than 3 

were identified as outliers. 

For overall degree of adjustment, using the original or unadjusted measurements as 

the baseline, I calculated the root-mean-square-error (RMSE) using the adjusted values as 

the “actual” observations and the original values as the “estimated” observations, given by 

the equation: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝐾𝐾
� (𝑎𝑎𝑖𝑖 − 𝑢𝑢𝑖𝑖)2

𝐾𝐾

𝑖𝑖=0
 

Where K is the number of taxa and 𝑎𝑎𝑖𝑖 and 𝑢𝑢𝑖𝑖 are the adjusted and unadjusted measurements 

of taxon 𝑖𝑖, respectively. This metric can be used to assess the degree to which the data is 

adjusted after batch effect correction. An RMSE of zero would indicate no difference 

between adjusted and original values while a greater RMSE would indicate a greater 

overall degree of adjustment. 

4.2.3 16S rRNA Simulations 

 To evaluate the effectiveness of zero imputation in improving batch effect 

correction using ComBat-Seq, I used a simulated 16S rRNA dataset from the publicly 

available MOMS-PI dataset to measure the effectiveness of removing batch effect while 

preserving condition effects as well as correctly identifying differentially abundant taxa. 

Similar to the simulation-based analysis in Chapter 2, I preprocessed the dataset to include 

only buccal mucosa samples collected during the first visit and have a library size of at 
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least 4,000 reads and OTUs with less than 98% proportion of zeroes. The resulting dataset 

consisted of 361 samples and 853 OTUs. In addition to introducing a preset batch and 

condition effect to the data, I added three biological covariates, each with two levels: 

negative (0) and positive (1). For each covariate, I randomly divided the samples into two 

groups using a Bernoulli distribution with a probability of 0.5. For samples assigned to the 

positive group, I simulated 20 randomly selected taxa to be differentially abundant 

compared to the negative group; read counts of the 10 taxa selected to be more abundant 

were multiplied by a covariate FC of 2 and read counts of the 10 taxa selected to be less 

abundant were divided by the covariate FC of 2. 

Performance in differential abundance analysis was measured by calculating 

sensitivity (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

), specificity (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

), precision ( 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝+𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

), 

and F1 ( 2(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
2(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)+𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝+𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

). Performance in removing overall batch 

effect while preserving condition effect was measured using the R2 metric from 

PERMANOVA. 

I repeated the simulation while varying the batch and condition FC. Specifically, 

for the evaluation on outliers, I changed the parameter for condition effect such that the 

condition FC is 4, 16, 32, and 64 while keeping the batch and covariate effects constant at 

16 and 2, respectively. Results were averaged over 50 simulations for each condition FC. 

For the evaluation of differential abundance analysis, I used two different parameter 

settings: 1) condition FC of 64 and batch FC of 16, and 2) condition FC of 16 and batch 

FC of 64. In both settings, the covariate FC was set to 2. Results were averaged over 500 

repeated simulations under each parameter setting. 
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 For the evaluation of outliers, I compared the original ComBat-Seq, iComBat-Seq, 

and MMUPHin. For the evaluation of differential abundance analysis, I compared the 

original ComBat-Seq, iComBat-Seq, MMUPHin, and ConQuR with both a baseline 

simulated data (with condition and covariate effects and no batch effect) and an uncorrected 

simulated data (with condition, covariate, and batch effects). For the uncorrected simulated 

data, I included batch as a covariate to simulate accounting for batch effect. In addition, to 

test the impact of zero imputation on downstream analysis, I tested iComBat-Seq without 

restoring the original zeros and ConQuR with the restored original zeroes. 

4.2.4 Real data application using shotgun metagenomic sequencing BWHS data 

I applied the proposed iComBat-Seq approach on a real-world shotgun 

metagenomic dataset with batch effect from the Black Women’s Health Study (BWHS). 

As described in Chapter 3, oral wash samples collected from 648 adult Black women were 

processed under one protocol, but library preparation was performed in three batches at 

different laboratories. After mapping metagenomic reads to a comprehensive reference 

database of prokaryotic, eukaryotic, and viral genomes from RefSeq to produce an OTU 

count table representing bacterial, viral, and fungal reads, I aggregated the data to the genus 

level and excluded any lineage with at least 98% proportion of zeroes across all samples. I 

also filtered out any samples with either a read depth of less than 4,000 reads or missing 

data for smoking status, age, BMI, gingivitis, and/or alcohol consumption. The resulting 

processed data included 962 genera and 635 samples. 

Using the processed data, I removed batch effect using ComBat-Seq, iComBat-Seq, 

MMUPHin, and ConQuR. For all methods, I selected smoking status, age, BMI, gingivitis, 
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and alcohol consumptions as covariates to preserve. I evaluated each method’s 

effectiveness for removing batch effect while preserving the desired condition effect (for 

smoking status) numerically using PERMANOVA R2 (with the Robust Aitchison method). 

I performed differential abundance analysis using ANCOM-BC to identify differentially 

abundant taxa that are associated with smoking status (adjusting for age, BMI, gingivitis, 

and alcohol consumption as categorical variables). 

4.3 Results 

4.3.1 iComBat-Seq retains more rare taxa compared to ComBat-Seq 

 When correcting for batch effect in the simulated dataset after removing taxa with 

at least 95% proportion of zeroes across all samples, iComBat-Seq produced fewer outliers 

overall compared to the original ComBat-Seq and MMUPHin at both the absolute count 

and relative abundance scales. In all simulations at varying condition FC of 4, 16, 32, 48, 

and 64, iComBat-Seq produced the fewest number of outliers: on average, the proportions 

of identified outliers in the iComBat-Seq-corrected data were 2.0% on the absolute count 

scale and 0.05% on the logCPM scale (Figure 4.1). In contrast, the ComBat-Seq and 

MMUPHin-corrected data had 2.2% and 2.4% proportion of outliers, respectively, on the 

absolute count scale and 0.05% and 0.11%, respectively, on the logCPM scale. Most 

outliers from both methods derived from the same group of taxa with a high proportion of 

zero read counts, but iComBat-Seq reduced the number of outliers by an average of 13.5% 

(P < 0.0001) compared to the original ComBat-Seq and 19.3% (P < 0.0001) compared to 

MMUPHin. When the data was converted from raw counts to a compositional format such 

as logCPM, iComBat-Seq reduced the number of outliers by an average of 10.1% (P < 
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0.0001) compared to the original ComBat-Seq and 4.7% (P < 0.0001) compared to 

MMUPhin. Overall, iComBat-Seq produced the fewest number of outliers in the simulated 

16S data compared to ComBat-Seq and MMUPHin, which suggests that it can retain a 

higher number of taxa for downstream analysis, though some pre-filtering is still required 

to further reduce the issue of outliers. 

  

Figure 4.1 Comparison of outliers after batch effect correction using iComBat-Seq, 
ComBat-Seq, and MMUPHin. In both the A) absolute count and B) logCPM scales, the 
iComBat-Seq-corrected data produced the fewest outliers overall compared to the 
ComBat-Seq and Mmusi corrected data in all scenarios (condition FC = 4, 16, 32, 48, and 
64) with 50 simulations each. With the lowest overall RMSE, MMUPHin was the most 
conservative in its read adjustments. In all scenarios, batch and covariate FCs were set to 
16 and 2, respectively. 
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 Interestingly, MMUPHin was the most conservative in its batch effect correction 

compared to iComBat-Seq and ComBat-Seq. On both the absolute count and relative 

abundance scales, MMUPHin had the lowest root mean square error (RMSE), suggesting 

Figure 4.2 Read adjustments on logCPM scale using iComBat-Seq, ComBat-Seq, and 
MMUPHin. iComBat-Seq produced the fewest outliers in the logCPM scale compared to 
ComBat-Seq and MMUPHin. Although MMUPhin was more conservative in its 
adjustments, many of its outliers were reads being adjusted from moderate to extremely 
low abundances. 
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that most read counts had smaller adjustments after MMUPHin. However, despite having 

the lowest RMSE, MMUPHin produced the greatest number of outliers, most of which 

stem from reads being corrected from moderate to low abundances (Figure 4.2). These 

results suggest that MMUPHin is unsuitable for batch effect correction on microbiome data 

with outliers, particularly in studies with a small sample size. 

4.3.2 Comparing iComBat-Seq with Existing Batch Effect Correction Methods using 

Simulated 16S Data 

 When performing batch effect correction on a simulated 16S dataset with a preset 

batch, condition, and covariate effect, iComBat-Seq performed similarly to ComBat-Seq 

and other existing methods when removing batch effect while preserving condition effect 

(Figure 4.2). MMUPHin performed the best in removing batch effect and better than 

ComBat-Seq and iComBat-Seq in preserving the condition effect. While ConQuR 

enhanced the condition effect the most, it also performed the worst in removing batch effect. 

A possible reason for ConQuR’s poor performance is its use of zero imputation to replace 

sampling zeros with predicted non-zero reads. When zeros were restored in the ConQuR-

corrected data, the proportions of variance explained by batch and condition effects 

dropped to similar levels as those observed in the other methods. When imputed values 

were not restored to zeros in the iComBat-Seq-corrected data, the proportions of variance 

for both batch and condition effects increased significantly. Together, these results confirm 

that, while imputation can improve detection of taxa associated with the condition effect, 

it also enhances rather than reduces the batch effect, which can result in an increase in false 

discoveries in downstream analysis. 
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had a particularly low precision, meaning that it incorrectly identified many taxa as 

associated with the condition effect. iComBat-Seq also performed the best in identifying 

DA features among rare taxa (with average relative abundance < 0.01%). While none of 

the methods (except for ConQuR) performed well in sensitivity, iComBat-Seq performed 

the best in precision, resulting in the best F1-score among the tested methods. The inability 

to detect rare DA taxa may be due to ANCOM-BC rather than the batch effect correction 

methods themselves since there are too few non-zero read counts among rare taxa to detect 

signals with adequate statistical power. Indeed, ConQuR and iComBat-Seq (with imputed 

values) showed higher sensitivity among rare taxa, confirming that detection of rare DA 

taxa can be achieved with more non-zero read counts. 

Interestingly, using the iComBat-Seq-corrected data without restoring the original 

zeroes resulted in a higher false discovery rate (or lower precision). On the other hand, 

restoring the original zeros after imputation and batch effect correction resulted in slightly 

improved performances in compared to the original ComBat-Seq (P = 0.11) and 

MMUPHin (P < 0.0001). The same trend can be observed in the ConQuR-corrected data, 

which has imputed reads. ConQuR performed the worst in the F1-score due to having a 

particularly high false discovery rate (or low precision). However, after restoring the 

original zeros, the precision increased significantly, resulting in a higher F1-score for the 

ConQuR-corrected data. This pattern confirms that, although imputation can improve batch 

effect correction, if left in the corrected data, it can cause adverse effects on downstream 

analysis by introducing artificial signals, particularly among taxa with a higher initial 

proportion of zeroes. 
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 Even in cases in which the batch effect was greater than the condition effect, 

iComBat-Seq performed the best in DA analysis compared to other methods (Figure 4.5). 

While iComBat-Seq did not have the highest sensitivity, it had a higher precision compared 

to ComBat-Seq, MMUPHin, and ConQuR, resulting in a higher F1 score. 

 Overall, these results confirm that iComBat-Seq perform better than existing batch 

effect correction methods in removing batch effect with varying degrees from 16S rRNA 

datasets and preserving biologically relevant signals to detect DA taxa in downstream 

analysis.  

4.3.3 Applying iComBat-Seq in a Real-World Epidemiological BWHS Study 

For the BWHS dataset, iComBat-Seq performed better than ComBat-Seq in 

reducing the variability explained by batch effect (0.87% vs 0.91% vs 1.15% in the 

iComBat-Seq-corrected, ComBat-Seq-corrected, and original data, respectively), while 

maintaining the variability that can be explained by smoking status (0.41% vs 0.42% vs 

0.40%). ConQuR performed the best among the evaluated methods, reducing the batch 

effect to 0.52% and increasing the smoking status effect to 0.47%. 

Of the four methods, ConQuR made the largest adjustments to the BWHS data 

(Figure 4.6). On the relative (logCPM) scale, 0.97% of the ConQuR-corrected data were 

outliers. Interestingly, a portion of the outliers were reduced from a positive to zero 

logCPM, suggesting significant reductions in relative proportions for genera that were 

originally more abundant in some samples. In contrast, 0.59% of the ComBat-Seq-

corrected data and 0.55% of the iComBat-Seq-corrected data were outliers. MMUPHin 

was the most conservative in its adjustments, producing only 0.26% outliers. 
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For the differential abundance analysis, at FDR α = 0.05, ANCOM-BC2 (adjusting 

for age, BMI, smoking status, gingivitis, and, for uncorrected data, batch) found 21 genera 

to be associated with smoking status in the iComBat-Seq-corrected data, 4 of which were 

not identified in the ComBat-Seq-corrected data. Most notably, Aggregatibacter (adjusted 

P = 0.043, also identified by MMUPHin and ConQuR) and Slackia (adjusted P = 0.048, 

also identified by MMUPHin and ConQuR) were detected to be DA in the iComBat-Seq-

corrected data. Slackia is a known bacterium found to be more prevalent among smokers 

Figure 4.6 Read adjustments on BWHS dataset using iComBat-Seq, ComBat-Seq, 
MMUPHin, and ConQuR. iComBat-Seq reduced the number of outliers after correction 
on the BWHS dataset compared to the original ComBat-Seq (0.55% vs. 0.59% outliers, 
respectively). In contrast, ConQuR made the largest adjustments, resulting the highest 
proportion of outliers in the corrected data (0.97%), while MMUPin was the most 
conservative, producing a corrected data with only 0.26% outliers. 
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compared to non-smokers (Karasneh et al., 2017). Aggregatibacter has been found to be 

decreased among cigarette smokers compared to non-smokers with moderate-high caries 

(Al-Marzooq et al., 2022). Overall, I confirm that iComBat-Seq performs better than the 

original ComBat-Seq in removing the confounding batch effect and revealing the true 

signals. 

The MMUPHin and ConQuR-corrected data did reveal more genera to be 

associated with smoking status (30 and 32 genera, respectively). However, as evidenced in 

the DA analysis using the simulated 16S dataset, both methods suffer from lower precisions 

compared to iComBat-Seq, raising concerns that the additional genera identified from the 

MMUPHin and ConQuR-corrected data may be false positives. Thus, while iComBat-Seq 

detected fewer associated genera compared to MMUPHin and ConQuR, iComBat-Seq may 

be better in identifying the true associated genera. 

4.4 Discussion 

Batch effect correction methods have been effective in removing batch effect from 

all types of omics data, but challenges remain. Mainly, they are imperfect when dealing 

with features with high sparsity, which can cause outliers to be adjusted incorrectly. 

Improper adjustments can lead to erroneous conclusions in downstream etiological analysis, 

especially in studies with small sample sizes. On the other hand, the removal of such 

features during the preprocessing step can lead to overlooking potentially significant 

members of the microbial community. In this chapter, my proposed method, iComBat-Seq, 

demonstrates that imputation can reduce the issue of outliers in microbiome data and allow 

the retention of more rare microbes for downstream analysis. 
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When compared to the original ComBat-Seq and MMUPHin, iComBat-Seq 

produced fewer improper adjustments, measured by the number of outliers produced after 

correction. While ComBat-Seq intensifies certain outliers due to having too few non-zero 

read counts to fit a robust model, iComBat-Seq addresses this issue by replacing zeroes 

with predicted non-zero values while retaining the taxa’s non-zero abundance distributions. 

The main issue is that, when modeling the read distribution for rare taxa, due to having 

only a few non-zero read counts, outliers have a significant influence on the model. While 

MMUPHin is intentionally conservative, only correcting batch differences that can be 

confidently inferred, it still produces outliers, mainly due to several taxa shrinking from 

moderate to low abundances. By generating more non-zero read counts, iComBat-Seq can 

simultaneously reduce the impact of outliers and provide more data for the model, resulting 

in more robust models to estimate and remove batch effect, improved shrinkage, and fewer 

cases in which outliers are inappropriately handled. 

In addition to reducing the number of outliers after correction, iComBat-Seq 

improves the performance in selecting predictive taxa for conditions or variables of interest. 

In the DA analysis on the simulated 16S dataset, I show that, compared to the original 

ComBat-Seq. MMUPHin, and ConQuR, iComBat-Seq performs the best overall in 

identifying the true taxa associated with the condition while maintaining a high precision. 

In the DA analysis on a real-world shotgun metagenomic dataset, iComBat-Seq was able 

to identify more true genera associated with smoking status. The main advantage of 

iComBat-Seq is its capability to address zero inflation, which prevents stable modeling for 

rare taxa, a problem that affects many methods. 
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One downside I observed is that imputation can negatively impact downstream 

analysis. When the imputed values were kept in the iComBat-Seq-corrected data, although 

the DA analysis identified slightly more true taxa associated with the condition effect, it 

also identified many false positives, resulting in a lower precision and an overall lower F1-

score compared to the iComBat-Seq-corrected data with the imputed values restored to 

zero. I saw a similar pattern with ConQuR, which performs its own version of imputation 

for zeroes predicted to be due to under-sampling. The ConQuR-corrected data also had a 

lower precision compared to other methods, but when I converted the imputed values back 

to zero, the precision increased significantly with the new ConQuR-corrected data. 

Together, these results confirm that imputation can introduce unwanted variance in the data, 

causing a higher rate of false positives in downstream analysis. However, when used solely 

for batch effect correction, it can strengthen the modeling performed to estimate and 

remove batch effect. An ideal use would be to apply imputation only for batch effect 

correction and restore the original zeroes before downstream analysis. This approach takes 

advantage of the benefits of imputation in batch effect correction while avoiding 

downstream issues of undesired artificial noise. 

Despite the advantages of iComBat-Seq, it has several limitations. First, when 

additional covariates are considered, the overall impact of iComBat-Seq decreases. During 

the imputation step, it divides the data by batch and desired covariates to preserve. As more 

covariates are included, the data is split into smaller chunks, increasing the probability of 

having all zeroes for certain features in one or more of these chunks. In such cases, 

iComBat-Seq will not impute for those features, resulting in less zero replacement in the 
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imputed data. Second, while iComBat-Seq does improve the retention of more rare taxa 

compared to other methods, it is still imperfect for extremely low-frequency taxa. Thus, 

some filtering is still necessary. 

The main purpose of incorporating imputation into ComBat-Seq is to retain more 

rare taxa for downstream analysis. While the statistical challenge of identifying association 

between rare taxa and condition remains, iComBat-Seq can preserve more rare taxa without 

suffering from erroneous adjustments, allowing for more useable data for downstream 

analysis. 
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Chapter 5: Conclusion 

 The advancement of microbiome research (and any study involving high-

throughput data) is hampered by batch effect, often because of technical limitations in 

processing large amounts of data in a single batch, and a lack of ethnic diversity in past 

microbiome profiling studies. The driving motivation behind the research described in this 

dissertation is to 1) address the issue of batch effect in microbiome data through batch 

effect correction methods and 2) apply them in epidemiological studies to better understand 

the relationship between oral microbial composition and environmental exposures among 

adult Black women living in the US. While constraints in the lab preventing precise control 

of technical variables across batches persist, there is a need for computational solutions to 

address batch effects to prevent unwanted bias in downstream analysis, either by 

accounting for them in statistical models or outright removing them using batch effect 

correction methods. Furthermore, although there have been large-scale microbiome 

profiling studies such as the Human Microbiome Project (HMP), they are limited to a single 

ethnicity, with other ethnic groups having little to no representation. This disparity 

becomes an issue due to associations between ethnicity and certain diseases. To this end, I 

present the evaluation, application, and improvement of ComBat-Seq for the removal of 

batch effect in microbiome data to improve the identification of differentially abundant 

taxa that are relevant to biological variables of interest. By focusing on adult Black women 

in the US in an epidemiological study of the oral microbiome, my thesis provides new 

coverage of a previously under-represented ethnic group in studies aiming to understand 

the role of oral microbial composition and human health. 
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In Chapter 2, I performed a detailed evaluation of ComBat-Seq, comparing it with 

existing microbiome-specific methods, in removing batch effect from both simulated and 

real-world microbiome data while preserving effects belonging to biological factors of 

interest. I demonstrated that ComBat-Seq has comparable performance in removing batch 

effect from both 16S rRNA and shotgun metagenomic sequencing data while retaining 

enough of the condition effect to detect differentially abundant taxa associated with that 

condition in downstream analysis. 

In Chapter 3, I applied ComBat-Seq in an epidemiological study in which I 

analyzed shotgun metagenomic sequencing data obtained from oral wash samples of adult 

Black women living in the US to explore the relationship between oral microbial 

composition and host’s geographical location. After correcting for batch effect, a 

differential abundance analysis revealed several oral health-related genera to be associated 

with specific regions in the US, emphasizing the importance of considering social and 

environmental factors associated with the host’s geographical location when studying the 

oral microbiome. The results derived from this study may guide future work studying 

associations between oral microbial composition and oral health from samples collected 

across differing geographic regions. 

In Chapter 4, I introduced iComBat-Seq, an extension to ComBat-Seq that 

improves its performance in batch effect correction on rare taxa with outliers via imputation. 

By reducing the proportion of zeroes in the originally sparse microbial data and generating 

predicted non-zero read counts, which follow the observed compositional structure of the 

data, for more robust fitting of the negative binomial regression model, imputation 
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effectively reduced the number of problematic cases in which outliers were intensified after 

batch effect correction. This work demonstrates the potential of imputation in resolving a 

critical weakness among batch effect correction methods in handling low-frequency taxa 

(and highly sparse data in general). 

Throughout my dissertation work, I present both current and new methods in batch 

effect correction specific for microbiome data and their applications in improving studies 

focused on identifying microbial compositions associated with biological variables. As 

microbiome profiling studies continue to grow in size, leading to increased chances of 

batch effect, computational and statistical approaches to address batch effect will become 

increasingly important. The work presented here represents significant contributions to the 

area of batch effect correction on 16S rRNA and shotgun metagenomics, which will 

empower future discoveries in the field of the microbiome. 
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