
 

ABSTRACT 

SONG, KUNCHENG. Bioinformatics and Machine Learning in Human Microbiome Analysis. 
(Under the direction of Dr. Yi-Hui Zhou). 
 

Microbiome, particularly the microbes that reside within human environments, has been 

living, sharing, and evolving quietly along with the development of Homo sapiens in obscurity. 

The first recorded observation of microorganisms was in the latter half of the seventeenth 

century. Not until 1876, when Dr. Robert Koch isolated and cultivated these “invisible” 

organisms, scientists slowly yet steadily unraveled the importance of these microorganisms and 

their fascinating stories that tides closely to human health.  

In the past two decades, with the advancement of sequencing technology, we have begun to 

reveal the reciprocal and imperative host-microbe relationship. Within the sequencing realm of 

microbiome data sources, there are predominately two methods, 16S ribosomal ribonucleic acid 

(rRNA) and shotgun sequencing, and while there are multiple platforms for sequencing, short-

read sequencing is still the most cost-effective choice. Both 16S rRNA and shotgun sequencing 

reads can generate taxonomical profiling of the microbe communities for the samples. Generally, 

the taxonomic profiling results undergo different algorithms or methods to extract the critical 

microbes positively or negatively associated with a phenotype by comparing the profiles between 

disease and control samples. A wide range of machine learning models was examined and 

developed for more accurate phenotype predictions.  

In Chapter 1, we investigated the background and rationale behind the chapters in this 

thesis. We systematically evaluate how different assignment methods, filtering, and 

normalization affect the downstream machine learning performance in Chapter 2. We present a 

novel method and bioinformatics tool to characterize the microbial structures, including 

processing, evaluating, and visualizing the taxon-taxon networks between the healthy and control 



 

samples in Chapter 3. Lastly, we describe an ensemble approach of machine learning methods 

with differential abundance analyses to gain a better predictive power for internal and external 

validation in Chapter 4.  
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Background and Challenges 

With the advancement and reduced cost of the Next Generation Sequencing (NGS) technologies, 

microbial sequencing-based studies became more prevalent in detecting patterns among human 

samples for various diseases. As the research efforts grow, we can discover not only the 

relationship between gastrointestinal diseases (Bonder et al., 2016) but also metabolic diseases 

(obesity (Goodrich et al., 2014) and diabetes (Zhou et al., 2019)), allergic disease (Vatanen et al., 

2019), and more. There are multiple objectives in understanding the microbiome, including 

learning the microbe-host relationship, correctly characterizing the microbial composition, and 

for our research goal, the use of the compositional microbiome data to discover the hidden 

connections between the microbiome composition and host phenotypes.  

There are multiple challenges presented in the goals mentioned above. We can categorize 

them into three different areas: raw microbiome data processing and optimization, microbe-

microbe association within and between phenotypes, and machine learning algorithms 

optimization for consistent predictive performance. We will address all these issues in the 

following chapters.  

Our Approaches 

While different microbial sequencing types are available, the most cost-effective and prevalent 

method is 16S rRNA gene sequencing, which targets the variable regions of the microbial 

species. The essential ideology behind this technology for taxonomic profiling is the use of 

‘universal’ PCR primers, which bind and amplify ‘all’ microbial 16S rRNA genes. The more 

prevalent species will amplify more, and these read abundances will later be translated into a 

compositional representation of the source gut microbiota. Next, there are many taxonomic 

assignment methods for processing the 16S rRNA data, all of which use different algorithms to 
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assign the sequencing read to the closest or best matching taxonomic profile. However, there are 

reservations about using filtering and normalization techniques for the microbial data prior to 

machine learning models as these factors can affect the performance of different types of 

machine learning models, and we explore these effects in Chapter 2.  

In Chapter 3, we present a novel method named correlation and consensus-based cross-

taxonomy network analysis (C3NA) for extracting and refining the taxa-taxa relationship for a 

phenotype. This is the first method that methodically explores the microbial species' 

modularization, which groups the taxa into different modular groups based on their correlation 

and shared connections. C3NA utilizes modular preservation analysis to compare two 

phenotypes and extract the differential taxa network and correlations that are only present in one 

of the phenotypes.  

Finally, in Chapter 4, we proposed an ensemble method of machine learning methods 

accompanied by feature selections from differential abundance analyses for better external 

validations. Our results suggested the importance of filtering the number of taxa prior to a 

machine learning model to enhance the predictive performance. The filtering criteria were 

evaluated using differential abundance analyses, and the results supported enhancement in 

performance. The performance can be maximized through an ensemble method of Random 

Forest and LASSO regression.  
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1 Introduction 

With the advancement of sequencing technology and the downward trends in the cost of 

sequencing, more studies have used microbiome data as a primary source for investigating the 

relationship between microbiota and host health. In general, human microbiota samples consist 

of easily collected specimens such as feces, saliva, and skin. Upon collection, the sample can 

undergo a variety of extraction protocols, including protein, RNA, and DNA. Each of these data 

types has led to a specific field of emerging research (Weinstock, 2012). In this review, we focus 

on the targeted extraction of microbial DNA from the16S rRNA region, which is present in most 

microorganisms but displays high variability across species. The sequenced reads are then 

typically clustered into Operational Taxonomic Units (OTUs) by matching the reads to a 

reference database.  

Multiple studies have investigated the use of OTUs for phenotype/disease prediction, 

including inflammatory bowel diseases (Gevers et al., 2014), Type 2 diabetes (Gurung et al., 

2020), and lung cancer (Zheng et al., 2020). As a variety of data treatment and prediction 

methods have been used, there is a pressing need to connect and verify how the upstream 

processing of the 16S rRNA data affects the downstream prediction performance and compare 

the different OTU/ASV methods. 

There are two primary representations to produce data count matrices: OTUs and Amplicon 

Sequence Variants (ASVs) (Rosen et al., 2012). Within the realm of OTUs, there are three 

methods to “cluster” sequences into OTUS: de novo, closed-reference, and open-reference, each 

with its unique advantages and disadvantages depending on the sequence region, reference 

database, and sample environment (Rideout et al., 2014). ASVs are commonly generated using 

the Divisive Amplicon Denoising Algorithm 2 (DADA2), and the resultant ASVs represent true 
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biological sequences obtained from reads (Callahan et al., 2016). In addition, there have been 

recent efforts to use the occurrence of short-chain k-mer (15~30-mer) (Molik et al., 2020), and 

very short-chain k-mers (<10-mer) (Asgari et al., 2018, 2019), within reads that offer a unique 

reference-free and alignment-free approach to provide a data representation upon which a 

phenotype prediction model is built. We have included both of these k-mer approaches in our 

review to compare them directly with the OTU/ASV assignment methods.  

Additional procedures for handling the OTUs or ASVs include filtering (Duvallet et al., 

2017; Goodrich et al., 2014; Zhou & Gallins, 2019) and normalization (McMurdie & Holmes, 

2014; Weiss et al., 2017). We included both practices to show the result from different 

combinations.   

Overall, we conducted a systematic review of how different combinations of (i) OTU/ASV 

assignment methods and k-mer lengths, (ii) the use of normalization and filtering, and (iii) 

choices of machine learning methods, among eleven commonly used approaches, all affect the 

prediction accuracy for complex host traits. 

2 Methods  

2.1 Raw Sequence Data 

 Inflammatory Bowel Diseases Dataset 

This microbiome dataset includes host phenotypes of Crohn’s disease, with microbiome data 

from 16S rRNA gene (V4) sequencing on the Illumina MiSeq platform (version 2) with 175 bp 

paired-end reads (Gevers et al., 2014). In brief, the samples were collected from 28 participating 

pediatric gastroenterology centers in North America between 2008 and 2012. Within the 

metadata, there are three disease diagnoses described: Crohn’s Disease (CD), Ulcerative Colitis 

(UC), Ischemic Colitis (IC), and control. Each of the disease diagnoses was compared separately 
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to the control group. The data were downloaded from the European Nucleotide Archive (ENA), 

accession PRJEB13679. The available FASTQ file format is a single-end layout; the QIIME2 

pipeline for the microbiota analyses was processed as single-end reads. The full processing 

workflow is described in the Supplemental Material under Data Processing and Figure S1. A 

summary of the basic patient characteristics for the datasets is provided in Table 1.  

 TwinsUK Dataset 

This microbiome dataset contains 1,081 fecal samples collected from 997 individuals, all of 

whom underwent 16S rRNA-based sequencing. The raw sequences were retrieved from the 

European Nucleotide Achieve (ENA) accession IDs PRJEB6702 and PRJEB6705. The 

collection and processing of the data were described previously (Goodrich et al., 2014). The 

fecal samples were obtained by the participants from their households and stored in a refrigerator 

up to 2 days prior to the twins’ annual visit to King’s College London, where the samples were 

stored at −80°C until the following process. The DNA was extracted from the provided samples, 

and the 16S rRNA genes (V4) were amplified from bulk DNA through PCR. The sequencing 

steps were performed on the Illumina MiSeq 2x250 bp platform. The available FASTQ file 

format is a single-end layout; the QIIME2 pipeline for the microbiota analyses was processed as 

single-end reads. The full processing is described in section 1 of the Supplementary Material 

under Data Processing. A summary of the basic patient characteristics is included in Table 1. 

2.2  Sample Processing 

The detailed sample processing is also listed in the Data Processing section 1 in the 

Supplementary Material, and the workflow is shown in Figure 1. Our analyses can be 

summarized in four stages. In the first stage, we extracted the OTUs/ASVs using QIIME2 

(Bolyen et al., 2019). We then collapsed count matrices at OTUs/ASVs levels to higher 
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taxonomic order, including phylum, class, order, family, genus, and species. At the same time, 

we also extracted the very short-chain k-mers and short-chain k-mers directly from raw FASTQ 

files. In the second stage, we used the DESeq2 package in R to apply normalization to the 

OTUs/ASVs count matrices and the very short-chain k-mers (Weiss et al., 2017), or did not 

apply normalization. Short-chain k-mer (15-mer, 21-mer, and 30-mer) were omitted from this 

analysis because of the large matrix dimensions when including all observed short k-mers. In the 

third stage, we applied (or did not) a common filtering criterion as follows. The first filter 

excludes samples with fewer than 100 reads, and the second filter subtracts OTUs with fewer 

than 10 reads (Duvallet et al., 2017; Zhou & Gallins, 2019). The third filter removes OTUs that 

are present in fewer than 5% of samples. In the last stage, we applied eleven commonly used 

machine learning algorithms to the different combinations. Overall, we conducted 1,353 

combinations per phenotype and 5,412 total combinations for four diseases against their 

respective controls.  

In our extensive analyses, 102 combinations failed to return any useful results. Thirteen of 

these involved elastic nets, five used neural networks, and the remaining 84 combinations used 

logistic regression. These failed runs were likely due to the algorithms being unable to converge.  

2.3 Evaluation of Prediction Accuracy 

We compared the four disease types prediction at each taxonomic and k-mer level through the 

Area Under the Curve (AUC) for the Receiver Operating Characteristics (ROC) curve, which is 

commonly used to evaluate the prediction accuracy for binary traits. The ROC is a plot with the 

True Positive Rate (Sensitivity) compared to the False Positive Rate (1 – Specificity). Also, we 

can calculate the Area Under the Precision-Recall Curve (AUPR), which is another way to 

evaluate the prediction with a plot of recall against precision. We utilized two evaluating 
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parameters to quantify the prediction ability of a balanced and imbalanced dataset. Ideally, we 

would want these two values to be both high to indicate good discrimination between the disease 

and the controls. The full summary of the combinations is in Supplementary Table S1. In the 

following discussion, we focus primarily on the AUC (full abbreviation AUROC for Area Under 

the ROC) as a performance measure, as it offers a more distinct contrast among combinations 

compared to the AUPR for our comparisons. 

2.4 Evaluation of Machine Learning Results  

To investigate the consistency between the feature selected from machine learning algorithms 

and the discovery studies, we extracted the useful information from the machine learning 

algorithm outputs and compared them to taxa previously identified as significantly associated 

with IBD. We based our comparisons on three separate publications. First, we selected eleven 

critical taxa identified from the original study for our IBD dataset (Gevers et al., 2014): two from 

the Order level and nine from the Family level. All of these were identified in our results, with 

the exception of a Family-level assignment Gemellaceae, and we used the Genus-level 

assignment Gemella as a substitute. Also, we chose another study that had examined the 

microbiota associated with IBD; the authors had identified multiple taxa associated with either 

increased or decreased changes in IBD (Glassner et al., 2020), and we selected nine taxa from 

the list. The Genus Bacteroides and Eubacterium have multiple subgroups and the Pectinophilus 

group was selected for Bacteroides, and the nodatum group was selected as a stand-in for 

Eubacterium, and both passed our filtering procedures. In the last example the authors had used a 

linear discriminant analysis effect size approach to determine three important taxa, two from the 

Family-level and one from the Order level, all of which are present in our features (Kim et al., 

2019). 



 

11 

We focused on two of the most consistent machine learning methods, random forest and 

xgBoost, and two methods with less consistent performance, a support vector machine and 

logistic regression. The definition of “important” features is different depending on the method. 

Each of the features was selected within the 100 iterations of 5-fold cross-validation. As a result, 

the numeric representation of “important” features here represents an average of over 500 

training and testing loops.   

The results on the presence of taxa are shown in Table 2. Overall, only DADA2 was able to 

pick all these taxa, while other OTU assignment methods missed a few. After filtering, most of 

the taxa listed were removed; out of the 22 taxa, only nine taxa remained, and these nine taxa 

were present in all OTU/ASV assignment methods, except Eubacterium with the nodatum group 

that was missing when using the de novo method.   

 Defining Important Features 

There are many ways to define the features of machine learning models that are important to the 

model. For illustrative purposes, we will focus on only one of the available ways to select 

important features. With xgBoost, we extracted the "Gain" result from the xgBoost output to 

evaluate the importance of the features (Chen & Guestrin, 2016). Gain represents the relative 

contribution of the corresponding feature to the model based on each tree in the training data. In 

other words, the higher the Gain, the more critical that feature is compared to other features. For 

random forests, we selected the "Mean Decrease in Gini" output to evaluate the importance of 

features (Breiman, 2001). Mean Decrease in Gini represents how each feature contributes to the 

homogeneity of the nodes and leaves in the given random forest model. Hence, the higher the 

Mean Decrease Gini, the more critical the corresponding feature. We utilize the weights 

associated with each of the features to evaluate their importance in the support vector machine 
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(Chih-Chung Chang, 2019). These weights represent the feature's discriminative ability to 

distinguish between two classes: the higher the weights, the more crucial the support vector 

machine model's feature. Lastly, in logistic regression, we obtained the coefficients from each of 

the iterations and then checked the consistency of the coefficients across multiple iterations.  

2.5 Evaluation of phylogeny-aware distances 

Phylogeny-aware distances are used to determine if we can separate species between different 

communities in an aggregate fashion. In our analyses, we examined the distances using multiple 

types of distances, including Euclidean (Schloss, 2008), Jaccard (Hancock et al., 2004), Bray-

Curtis (J. R. Bray, 1957), UniFrac (C. Lozupone & Knight, 2005), and weighted UniFrac (C. A. 

Lozupone et al., 2007). Euclidean distance is a traditional distance measure between two species. 

The Jaccard index is a similarity coefficient using the presence and absence of the features 

within the OTU/ASV matrices. The Bray-Curtis distance is a widely used technique to highlight 

the differences in abundance by transforming the count matrix to a distance matrix. UniFrac, in 

contrast, utilizes the phylogenetic tree structure and its distances to calculate the overall distance 

matrix. Weight UniFrac takes account of the relative abundance of information and weights the 

branches of the phylogenetic tree. 

3 Results  

3.1 Prediction Accuracy 

 OTUs/ASVs Assignment Methods 

For the traditionally-used OTUs and ASVs count matrices (Figure 2A), the prediction accuracy 

was lower at higher taxonomic levels, such as Phylum and Class, and gradually increased for 

most machine learning methods until reaching the OTU/ASV level of refinement. The highest 

average prediction accuracies are at the Genus and OTU/ASV levels. This observation provides 
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support for the common use of this level of taxonomy in phenotype prediction. All machine 

learning algorithms with an average around or below 0.5 were dropped in the figure because 

those algorithms do not assist in distinguishing cases and controls. This step excludes support 

vector machines, K-means, and hierarchical clustering.  

The noticeable drop in prediction accuracy with Species-level information is due to 

incomplete information in the taxonomic assignment of the reference database. As a result, these 

missing assignments were dropped before running the machine learning algorithms, resulting in 

decreased performance. The number of unique feature counts for each of the taxonomic level are 

listed in Supplementary Material Table S2. Overall, the number of unique features for the 

Species-level was ~half that of the Genus level in the unfiltered category. After filtering, the 

number of unique features is close to the Order-level or Family-level information, explaining the 

drop we observed in Figure 2A.  

We also extracted the top-performing combination and its associated ROC curve in 

Figure 2B; the tree-based methods, random forests, and xgBoost, performed the best, followed 

by neural networks, elastic net, ridge regression, LASSO regression, logistic regression, and 

KNN. The AUROCs for all of these methods are above 0.8.  

To further investigate different machine learning algorithms' performance, we investigated a 

single machine learning algorithm’s performance for each disease type at a single taxonomic 

level. In Figures 3A, 3B, 3C, and 3D, we observed in density plots for ROC curves the 

consistent xgBoost performance at the Genus and OTU/ASV levels for both diseases. Each of 

the plots reflects sixteen different combinations from four OTU/ASV assignment methods, two 

filtering, and two normalization methods. XgBoost is consistent in its performance under 

different combinations. In contrast, we also included two inconsistent results. In Figure 3E, we 
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showed the logistic regression for the inflammatory bowel disease (IBD) dataset at the 

OTU/ASV level; we observed some excellent performing combinations and a cluster of 

mediocre ROC curves. Another example came from the Phylum-level support vector machine 

from the TwinsUK dataset shown in Figure 3F. This density plot contains two of the best 

performing combinations in our entire set of 5,412 combinations. The combinations used 

DADA2 both with filtered features; the non-normalized and normalized AUCs are 0.8977 and 

0.8965, respectively. However, we also observed the other combinations from different 

OTU/ASV assignment methods perform less well.  

 K-mer-Based Methods 

We examined the prediction accuracy of different k-mers, and no clear trend was observed; the 

prediction accuracy is relatively consistent across all lengths (not shown); thus, we display only 

the top-performing method (Figure 2C), which is the xgBoost combination using 7-mers for 

predicting Crohn’s Disease. This combination has an AUROC of 0.924. The breakdown of 

AUROC per disease type at different k-mer lengths can be observed in Supplement Figures S4, 

S5, S6, and S7 for Crohn’s Disease, Interstitial Cystitis, Obesity, and Ulcerative Colitis, 

respectively. 

3.2 Filtered Vs. Unfiltered  

To investigate how the filtering affects the final features selected from different OTU/ASV 

assignment methods at different taxonomic levels and to compare these methods, we utilized 

upset plots to show the unique taxa shared among filtered and non-filtered methods. Regardless 

of filtering, the filtered and unfiltered four OTU/ASV assignment methods provide very similar 

unique features at the Phylum, Class, Order, and Family levels. As expected, there are more 

unique features identified for the Genus and Species level. In Figures 4A and 4B, we provided 



 

15 

examples from the Genus and Species-level for the Inflammatory Bowel Disease dataset (with 

expanded plots for other diseases in Supplementary Figures S2 and S3). While most of them are 

shared, each of the OTU/ASV identified different sets of unique features, which might hold keys 

to better prediction and are important for future investigations.  The number of features found per 

taxonomic level for each of the sub-disease categories is included in Table S1.  

Filtering, in general, did not cause a severe difference in terms of AUROC for most of the 

machine learning methods. The exception is Logistic regression and K-means. Filtering 

improves the prediction accuracy in Logistic Regression in Family, Genus, and Species levels for 

both normalization categories (Figure S8). However, the results are not consistent, and thus, 

filtering needs to be judged case-by-case. Table S2 provides the AUROC and AUPR for all 

prediction combinations and diseases used in this study.    The AUROC is more inconsistent at 

more precise taxonomic levels due to the removal of features as we refine the taxonomic 

assignments.  

3.3 Consistency 

Consistency is a key feature when investigating different prediction methods, as we have shown 

that some machine learning methods might be sensitive to a particular OTU/ASV assignment 

method. The detailed breakdown for each disease type is included in Supplementary Figures S4, 

S5, S6, and S7 for Crohn’s Disease, Interstitial Cystitis, Obesity, and Ulcerative Colitis, 

respectively.   

We also investigated the change in prediction accuracy in terms of AUROC by filtering and 

normalization individually. When we compared the difference between the filtered Vs. unfiltered 

(Figure S8) and normalized vs. un-normalized (Figure S9) across the disease categories. 

Overall, the difference in terms of AUROC are fairly small for most of the machine learning 
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methods with the exception of K-means and Logistic Regression. Filtering seems to cause more 

instability in the AUROC as the difference are more obvious. Overall, the decision to use 

normalization and filtering should be evaluated by the data at hand and the purpose of the study.  

3.4 Shiny Application 

Considering the vast number of combinations we have tested,  we developed help a shiny 

application to visualize and understand the different types of combinations we have generated. 

Please visit the following link: 

https://github.com/zhouLabNCSU/MicrobiomePredictionExplorer. 

3.5 Compare Machine Learning Methods to Discovery Studies 

 Difference Among OTUs/ASVs Assignment Methods 

The feature selection outputs from the four different machine learning methods are consistent 

within the filtered and unfiltered combination for all OTU/ASV assignment methods. The top-

ranked features from both random forest and xgBoost were mostly features that had passed our 

filtering protocol. The support vector machine approach had a less consistent output; the 

rankings were similar only within the filtered and unfiltered categories. The ranks from the 

support vector machine were also quite different compared to xgBoost and random forest. The 

consistency of the coefficients is also a crucial tool for understanding the properties of a good 

predictor for logistic regression.   

To better understand the feature output, we ranked the output, and the findings are shown in 

Supplementary Material Table S3. Based on the preliminary findings, there is no noticeable 

difference between the normalized and un-normalized combinations under the same filtering and 

OTU/ASV assignment methods. Thus, the ranks we shared in Supplementary Material 

Table S3 contain only the unnormalized dataset.  

https://github.com/zhouLabNCSU/MicrobiomePredictionExplorer
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 Features Selection 

The three order-level taxa all displayed average or below-average rankings. XgBoost excluded 

all of these taxa as they did not help with prediction. For the eleven family-level features, the 

five taxa that passed the filtering  procedure, Fusobacteriaceae, Micrococcaceae,  

Verrucomicrobiaceae, Pseudomonadaceae, and Streptococcaceae were all ranked around the 

average, with none of them performing very well. Random forests, xgBoost, and support vector 

machines shared similar results. Lastly, among the eight genus-level taxa, Bacteroides  

(Pectinophilus group) and Roseburia ranked among the top 10 for the random forests, xgBoost, 

and support vector machines with consistent results in logistic regression. The exception 

is Roseburia in support vector machines, which ranked much higher. 

Overall, the rankings for random forests and xgBoost were similar between the filtered and 

unfiltered combinations across all four OTU/ASV assignment methods. In other words, the 

excess taxa unique to the unfiltered dataset did not improve the prediction accuracy, as the ranks 

did not change much even after adding a large number of features to the model. However, in the 

support vector machine, the taxa ranks were inconsistent between the filtered and unfiltered 

OTU/ASV assignment methods. The ranks remain roughly around the same percentile.  

3.6 Phylogenetic Analyses  

 Differential Taxa in Crohn’s Disease 

Overall, the weighted UniFrac was the best performing way to separate the Crohn’s Disease and 

Control subjects. 

We investigated how different OTU/ASV assignment methods react to the combination of a 

variety of ordination and the distance measure. The best performing OTU/ASV assignment 

method was DADA2, with the first and second axis separating 70.982% and 8.786%, which 
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means the combination of the first two axes explained roughly 80% of the total variance between 

Crohn’s Disease and Control subjects (Figure 5B). While the other methods perform relatively 

well, DADA2 worked much better on distinguishing Crohn’s Disease subjects with control with 

weighted UniFrac (Figures 5A, 5C, and 5D). 

Moreover, we followed through with the statistical tests to determine if the first two axes 

were significantly affected by the disease category between Crohn’s Disease and Control. A 

previous study determined the usefulness of using the two axes from the Multidimensional 

scaling techniques to discriminate between the case and control cases and with consistencies 

across different OTU assignment percentage matches, i.e., 99%, 95%, 90%, and 85% (Frank et 

al., 2007). We followed a similar protocol and examined using different combinations of distance 

methods and OTU/ASV assignment methods; our results did not replicate the significant 

separation between Crohn’s disease and control. However, we observe an adjusted R2 of 0.864 

with a p-value of 0.081 using the Jaccard distance and de novo OTU assignment methods. The 

second-best test, PERMANOVA, uses weighted UniFrac on Closed-Reference OTU assignment 

methods with an adjusted R2 of 0.6525 and a p-value of 0.073. The full table is in Supplementary 

Material Table S4.  

 Relationship between the phylogenetic trees among clustering methods 

As we discussed earlier, the number of unique features reported by different OTU/ASV methods 

are different, so the resultant phylogenetic trees also differ. Here, we focus our investigation on 

the Family-level taxa, and we extracted the taxa from the eleven important taxa that previous 

studies had identified. We calculated the log-transformed average of Crohn's disease and Control 

OTU/ASV counts per the taxon assignment. Examining the taxonomic tree closely, we detected 

some unique taxon assignments from Crohn's disease group or the control group. There are 
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different observable patterns between the case and control (Figure 6), including the log-scale 

differences and the present/absent differences.  

3.7 K-mers 

Finally, we examined two separate types of k-mers, the very short-chain k-mers (4, 5, 6, and 7-

mers) and the short-chain k-mers (15, 21, 30-mers). Both very short-chain k-mers and short-

chain k-mers, when combined with effective machine learning methods, perform as well as the 

top-ranked OTU/ASV clustering methods for host trait prediction. From the computation side, 

very short-chain k-mers can be calculated quickly by parsing the raw FASTQ files, but short-

chain k-mers take longer to extract, and due to the enormous number of possible combinations, 

we filtered the count matrices to make the final table computationally feasible. Here, any unique-

k-mers with fewer than 5 reads were removed. The advantage of short-chain k-mers is the 

potential of mapping back to genomic data to better understand the underlying biology (Koslicki 

& Falush, 2016). With the short-chain k-mers, we could study them by mapping them back to a 

16S rRNA database and extracting their taxonomic information. Using these mappings will be an 

interesting area to explore for future projects. Very-short k-mers cannot be mapped uniquely 

back to a reference database, as they are ubiquitous in all samples.  

3.8 Benchmarking 

While computational cost is not the primary goal of this journal, we nevertheless conducted 

benchmarking investigation by using our best phenotype, Crohn’s Disease. We evaluated the 

difference in terms of time consumption by running the 100 iterations of 5-fold validation for the 

eleven machine learning methods we tested on a single core. Overall, the results suggested 

Elastic Net and xgBoost are the most time-consuming (Figure S10). Also, normalization did not 
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cause significant computation changes, and filtered combinations generally cause slightly shorter 

computation time (Figure S11).  

3.9 Variable Importance 

For each of the machine learning methods, we calculated the mean and standard deviation across 

all 500 rounds to evaluate the importance of features, as defined in 2.4.1. These outputs are 

included in the Supplementary Material Tables S5-S16 for Order, Family, and Genus level 

feature outputs. For each of the combinations, the mean and standard deviation for the features 

from the machine learning models are shown.  

4 Discussion  

This article aims to explore and compare the different upstreaming processes and how they can 

affect downstream machine learning predictions.  Despite the introduction of a large number of 

data pre-processing steps and machine learning methods, there has been little systematic 

exploration of the massive number of possible combinations of these approaches. While many of 

our findings accord with earlier smaller explorations, the definitive nature of our combination 

“search-space” provides important assurance that the community is generally applying best-

practice methods for host-trait prediction. All of the completed combinations can be explored in 

the Shiny application in terms of their corresponding AUROC curve.  

Firstly, we reviewed the impact of filtering and normalization on four OTU/ASV assignment 

methods. Normalization has only a modest impact on the downstream machine learning 

algorithm performance, while filtering has a more impact on the overall performance of the 

algorithms. We also observed that the filtering criteria might throw out important taxa that had 

been identified as important from discovery studies. Depending on the goal of the machine 

learning methods, filtering criteria might need to be adjusted.  
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We also explored the usefulness of short-chain and very short-chain k-mers and their ability 

to differentiate between diseases and controls. Both types of k-mers can provide high-quality 

predictions that are equally as good as Genus and OTU/ASV assignment methods. This area 

needs further research to uncover the additional potential of using k-mers as predictors.  

While we tried many combinations of different processing steps, it is impossible to consider 

all scenarios, and there are limitations to our conclusions and in the available data. Both of the 

datasets we used are based on 16S rRNA from the V4 hypervariable region. Previous studies 

have shown that other hypervariable regions, or a combination of variable regions, affect 

biodiversity and community state types, which could eventually cause differences in prediction 

accuracy (Bukin et al., 2019; Graspeuntner et al., 2018). Moreover, the choice of the reference 

database may also affect the quality of the OTU/ASV assignment results, and it is recommended 

to use a curated database. Lastly, we employed only a single combination of filtering criteria, and 

different studies might require more exclusive or inclusive filtering standards, depending on the 

disease of interest. The current filtering criteria focus on removing rare taxonomic features. 

Overall, we provided a comprehensive comparison of commonly used machine learning 

algorithms and how upstream methods affect overall outcomes.  
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Figure 1. The workflow of the project. The project is roughly split to four stages. The first stage 
is the generation of count matrices via QIIME2 for the OTU/ASV assignment methods, while the 
k-mer matrices were generated using R (resulting in 35 count matrices). In the second stage, 
DESeq2 normalization are performed for all stage 1 count matrices except for the short-chain k-
mers (resulting in 67 count matrices). In the third stage, filtering was performed for all the above 
count matrices (resulting in 123 count matrices). In the fourth stage, we ran eleven commonly 
used machine learning methods on the 123 count matrices with 100 iterations of 5-fold validation 
(resulting in 1,353 combinations). Lastly, we tested these combinations with 4 binary 
comparisons: Crohn’s Disease, Ulcerative Colitis, Ischemic Colitis and Obesity with the 
corresponding control in their respective dataset (resulting in 5,412 combinations). A more 
detailed workflow is in Figure S1.  
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Figure 2. The area under the ROC curve (AUROC) for selected machine learning methods 
across different taxonomic levels and k-mer lengths. A. Boxplots of the AUROC for eight 
machine learning methods from OTU/ASV assignment methods across all seven taxonomic 
levels for Crohn’s Disease. B. ROC curves for the eight machine learning methods from 
OTU/ASV assignment methods across all seven taxonomic levels. Hierarchical clustering, K-
means and Support Vector Machine were removed from the figure due to their poor 
performance.  C. ROC curve for the best k-mer methods to predict Crohn’s Disease, which is 
from the xgBoost algorithms on the 7-mer level.  
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Figure 3. Density plots of the selected combination of machine learning methods, taxonomic 
levels, and dataset. A. Density plot of the ROC curve for xgBoost at the Genus level for the IBD 
dataset. B. Density plot of the ROC curve for xgBoost at the OTU/ASV level for the IBD 
dataset. C. Density plot of the ROC curve for xgBoost at Genus level for the TwinsUK dataset. 
D Density plot of the ROC curve for xgBoost at the OTU/ASV level for the TwinsUK dataset. E. 
Density plot of the ROC curve for logistic regression at the OTU/ASV level for the IBD dataset. 
F. Density plot of the ROC curve for support vector machines at the Phylum level for the 
TwinsUK dataset.  
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Figure 4. Upset plots of the Genus and Species-level interaction of features among the filtered 
and non-filtered OTU/ASV picking methods from the Inflammatory Bowel Disease Dataset. A. 
Genus-level. B. Species-level. 
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Figure 5. Weighted UniFrac ordination plot from four OTU/ASV assignment methods. A. 
Closed-Reference, an OTU assignment method. B. DADA2, an ASV assignment method. C. de 
novo, an OTU assignment method. D. Open-Reference, an OTU assignment method. The 
ellipses were drawn based on the multivariate t-distribution respectively for cases/controls. 
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Figure 6. Phylogenetic tree from the open-reference clustering methods showing the mean log-
transformed average count between the Crohn’s Disease and Control. This is a subset of the full 
plot due to the large dimension of the original files. The full figure for all four OTU/ASV 
assignment methods are included in Supplement Files S9.  
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Table 1. Brief Summary of Datasets 
  Study Inflammatory Bowel Diseases  Twins UK 

  Disease 
Type 

Crohn's 
Disease 

Ischemic 
Colitis  

Ulcerative 
Colitis Control Obesity Healthy 

  n 731 73 217 335 193 451 

Sex 
Female 337 38 96 161 192 447 
Male 394 35 123 174 1 4 

Bases per 
FASTQ File 

Mean 6,381,116 6,414,195 6,884,041 7,247,420 19,776,834 20,355,603 
SD 7,184,600 5,026,312 5,857,603 8,069,537 5,421,961 6,004,283 

Sequence 
Length 

Mean 172.44 172.52 172.52 172.99 250.84 250.84 
SD 1.37 1.18 1.36 1.12 0.40 0.41 

Age 
Mean 19.92 18.15 26.93 13.78 60.49 59.84 

SD 14.47 10.77 18.31 9.78 9.56 9.57 
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Table 2. Presence of important taxa in our clustering methods 
Gevers et al. Glassner et al. Kim et al. Taxonomic Level Open-Reference Closed-Reference de novo DADA2 

Bacteroidales     Order    Present 
Clostridiales     Order Present Present Present Present 

    Lactobacillales Order    Present 
Coriobacteriaceae     Family Present Present Present Present 

Enterobacteriaceae     Family Present Present Present Present 
Erysipelotrichaceae     Family Present Present Present Present 
Fusobacteriaceae*    Family Present Present Present Present 

Micrococcaceae*     Family Present Present Present Present 
Neisseriaceae     Family Present Present Present Present 

Pasteurellaceae Pasteurellaceae   Family Present Present Present Present 
Veillonellaceae Veillonellaceae   Family Present Present Present Present 

Verrucomicrobiaceae*     Family Present Present Present Present 
    Pseudomonadaceae* Family Present Present Present Present 
    Streptococcaceae* Family Present Present Present Present 

Gemella     Genus Present Present  Present 
  Bacteroides*‡   Genus Present Present Present Present 
  Bifidobacterium   Genus    Present 
  Eubacterium*†   Genus Present Present  Present 
  Faecalibacterium*   Genus Present Present Present Present 
  Fusobacterium   Genus Present Present Present Present 
  Roseburia*   Genus Present Present Present Present 
  Solobacterium   Genus Present Present Present Present 

* The Taxa that were kept after filtering was performed  
‡ There are multiple groups under Bacteroides, Pectinophilus group was selected as it is the only Eubacterium group that remains after our filtering procedure 
† There are multiple groups under Eubacterium - the nodatum group was selected as it is the only Eubacterium group that remains after our filtering procedure 
Present: the taxa occurred in the features from the corresponding non-filtered OTU/ASV assignment method 
An empty cell means the taxon is absent in the corresponding OTU/ASV assignment method 
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1 Introduction 

In recent years, researchers have discovered specific yet complex links between the human gut 

microbial ecology and diseases such as colorectal cancer (Saus et al. 2019; Zhang et al. 2020; 

Mo et al. 2020) and inflammatory disorders (Sultan et al. 2021; Glassner, Abraham, and Quigley 

2020; Mancabelli et al. 2017). According to a widely recognized model for the microbe-human 

interaction, a dysbiosis of gut microbiota is associated with the development of illnesses 

(Degruttola et al. 2016). Different microorganisms will thrive or decline depending on the host 

illness progression, medicine, food, and other variables. Studies on the essential bacteria linked 

with a disease have shown various integral microbes that play vital roles in illness progression. 

These findings aided in the development of predictive models and targeted therapies. 16S 

ribosomal RNA amplicon sequencing is the most cost-effective and accessible way to obtain 

microbial composition data. It is supported by established downstream taxonomic classification 

pipelines/software, curated 16S ribosomal reference databases, and statistical methods designed 

to analyze microbial compositional data (Bolyen et al. 2019). 

Two methods for detecting important microbes are differential abundance (DA) analysis and 

co-occurrence network analysis. DA method is a popular tool for finding microbial taxa 

associated with ill or healthy people, and co-occurrence networks aim to decipher the taxa-taxa 

co-occurrence patterns for unique disease enriched or depleted pattern discovery. The 

concordances of differentially abundant taxa are one of the main challenges in DA approaches. 

While numerous methods can be used to evaluate consensus taxa, the results are influenced by 

sample/study variances and filtering criteria (Nearing et al. 2022). Previous co-occurrence 

networks provided helpful information about taxonomic phenotypic associations (Chen et al. 

2020), and finding significant taxa-taxa correlations among many highly correlated pairs requires 
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different correlation approaches, module identification, and post-module practice methods which 

lacks a concordant approach.  

To address these challenges, we present C3NA, a user-friendly and open-source R-package 

that includes data processing and interactive visualization functionalities. The goal of the C3NA 

is to maximize the available biologically inferable information in terms of taxonomic 

assignments across Phylum, Class, Order, Family, Genus, and Species levels via co-occurrence 

network analysis to extract optimal numbers of co-occurring taxa modules with similar 

taxonomic abundance patterns.  

2 Materials and Methods 

2.1 Microbial Data Processing 

There are many established pipelines available for processing the 16S rRNA amplicon 

sequencing to summarize the raw sequencing data into taxonomic profiles, such as the 

operational taxonomic units (OTUs) and amplicon sequencing variants (ASVs). In addition, 

many taxonomic assignment methods were published as well as established pipelines to 

streamline the process. For C3NA, we utilized the QIIME2 pipeline with two of the frequently 

used taxonomic assignment methods, de novo clustering and DADA2 algorithm (Bokulich et al. 

2018; Callahan et al. 2016). Regardless of the methods and reference database, the resulting 

taxonomic profile includes an OTUs/ASVs table, a taxonomic table, and a metadata table. To 

ensure the accuracy of these data prior to loading into the C3NA pipeline, we utilize the 

Phyloseq R package to ensure the correct formatting of these tables, and the Phyloseq object is 

the initial input for the C3NA pipeline. Prior to running C3NA, the user need to perform a subset 

function to extract a single phenotype Phyloseq object. The C3NA pipeline is divided into six 

sections as shown in Fig.1.  



 

36 

2.1.1 Cross-Taxonomy Table 

Taxonomic-specific tables from Phylum, Class, Order, Family, Genus, and Species-level are 

summarized by their corresponding taxonomic profile. We recommended removing samples with 

a library size of fewer than 1,000 reads as these samples are known to suffer from low-quality 

issues in terms of microbial diversity as well as sequencing-related issues (Navas-Molina et al. 

2013). For each of the taxonomic levels mentioned above, we will create a taxonomic-specific 

names, and then the final count matrix M is the stacked-taxa result of all these six matrices. 

Lastly, as we are focusing on higher taxonomic levels than OTUs/ASVs by summing the 

OTUs/ASVs counts, we filtered out the taxa that did not present in at least 10% of the samples 

(Friedman and Alm 2012). This filtering criteria coincide with one of the assumptions for 

SparCC in which the kept taxa are assumed to be present among samples, and this approach also 

drastically reduces the computational complexity with the reduced number of taxa. For each of 

the phenotypes within the study, a phenotype-specific M' matrix is created by applying the 

aforementioned filtering procedures. 
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2.1.2 Phenotype-specific Correlation 

We employed Sparse Correlation for Compositional data (SparCC) correlation with 1,000 

bootstrap settings employed using the SPIEC-EASI R Package (Friedman and Alm 2012; Kurtz 

et al. 2015). The bootstrap resulted in a correlation value between each taxa pair and a p-value, 

Figure 1. C3NA framework for two phenotypes comparison. For every single phenotype, the 
data is loaded into Phyloseq; the stack-taxa count matrix is extracted by combining Phylum, 
Class, Order, Family, Genus, and Species-level raw count matrix together. Then, the matrix 
undergoes SparCC correlation calculation with 1,000 bootstraps followed by the topological 
overlap matrix (TOM) calculation under the “signed” network setting. Next, the dissimilarity 
TOM matrix (1-TOM) is used for hierarchical clustering with a range of minimal numbers of 
taxa per module (3 to 40) to extract a range of clustering patterns. A selected range of patterns 
is used to generate a consensus matrix, in which the intra-modular connections are the key 
taxa-taxa correlations we focus on in the subsequent network analysis. Module preservation 
analyses are performed when we compare two phenotypes. 
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and the Benjamini-Hochberg (BH) method will subsequently be applied to adjust for multiple 

testing.  

We further validated the stability of the SparCC on how the stacked-taxa affect the taxa-taxa 

correlations (detailed in Supplement Results). We investigated the impact of using the stacked-

taxa correlation compared to the single-taxonomic level correlations and found minimal 

differences for the taxa-taxa pairs, especially for the correlations above 0.2 (Supplementary 

Results). There is no drastic difference between the stacked-taxa and single-taxonomic level 

correlations (Supplementary Results). As a result, we recommended a minimal correlation cutoff 

at 0.2 to remove uncertain and weak correlations.  

SparCC algorithms enable parallel programming, but they are still computationally expensive 

in both storage requirements and time. The computation time varies depending on the number of 

taxa extracted as well the number of strong correlations presented at each bootstrap; our runs 

take between one to five days using 12 cores on Intel(R) Xeon(R) CPU E5-2670 0 @ 2.60GHz 

with 30 GB of RAM for four studies we have tested. Time consumption for each of the examined 

phenotypes is recorded in Supplementary Table 1. Also, we investigated the impact of using 

fewer iterations, and the results indicated smaller number of iterations would have more 

significant correlations, most of which are below 0.3 (Supplementary Result). For preliminary 

investigation, it is possible to run as little as ten iterations, and the user is advised to adjust the 

display on the Shiny application for the correlation to increase the correlation cutoff to 0.3.  

2.1.3 Phenotype-specific Topological Overlap Matrix (TOM) 

The Topological Overlap Matrix (TOM ) is constructed from the correlation matrix under the 

signed network setting using the WGCNA R package (Langfelder and Horvath 2008). The 

signed network is chosen because negative correlations should not be interpreted the same as 
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positive correlations, as negative correlations carry different biological meanings. The result in 

the TOM matrix represents the network connections strength, especially for spurious connections 

(Yip and Horvath 2007). 

2.1.4 Taxa-based Module Calculation 

We obtained the dissimilarity TOM via (1 – TOM) and used the complete linkage hierarchical 

clustering to classify the taxa into different modules. By default, the minimal module size range 

is between 3 and 40, as shown in Fig. 1. There is a clear, dynamic change with numerous unique 

modules, and the module became more stable as the number of unique modules reduced to less 

than 10, where more repetitive module patterns emerged. By default, C3NA combines all the 

unique module patterns equal to or greater than ten modules (Fig. 1, Supplement Data). We 

investigated the difference between choosing different numbers of unique patterns and the 

optimal number of clusters and discovered that there is minimal effect as long as the user 

chooses the dynamic region of the patterns and a reasonable number of consensus-based clusters 

(Supplementary Results).  

2.1.5 Consensus-Based Module determination and Optimization 

The consensus-based module determination used the Cluster-based Similarity Partitioning 

Algorithm (CSPA) (Strehl and Joydeep 2002). We focus on the region in which the module 

membership changes continuously, incrementing minimal module sizes. The module 

membership becomes stable, defined as no modular membership changes, three sequential 

incrementations of the minimal size, and the rest remains broadly stable. We extract each of the 

taxa-taxa modular assignments and create an individual binary similarity matrix with the 

presence of taxa-taxa pairs in the same module as 1, otherwise 0. The consensus matrix is 

obtained via averaging all these similarity matrices.  
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Two parameters are used to determine the optimal number of clustering. Firstly, we utilize 

the proportion of zeros per module; this proportion should be below 10%. Secondly, we 

calculated the average silhouette width for each of the clusterings based on the consensus matrix, 

and we will choose the first local maximum, which represents the first drop in the average 

silhouette score. We use the corresponding modular membership to construct the intra-modular 

taxa modules. The module patterns, silhouette results, consensus, and correlation matrices for our 

examined datasets with different taxonomic assignment methods are illustrated in Supplement 

Data. Once the module is determined, the user can utilize our shiny application to investigate the 

single phenotype taxa-taxa relationship or compare two phenotypes to determine the preserved or 

perturbed modules. 

2.1.6 Single Phenotypes Extraction and Two Phenotypes Comparison 

We evaluate every phenotype's result and use module preservation analysis to assess the 

differential taxa in network structure alteration between the two phenotypes. We use the ZSummary, 

a composite preservation statistic proposed by Langfelder et al., to evaluate the module 

preservation between the disease phenotype and control. ZSummary compared the connectivities of 

the intramodular nodes and the highly connected nodes between the comparison groups. The 

medianRank, which is less sensitive to module size, is also selected to assist the definition of 

preserved modules (Horvath 2011; Bakhtiarizadeh et al. 2018; Li et al. 2015). Ideally, the higher 

the ZSummary and the lower the medianRank, the more preserved the module is.  

Moreover, as microbial modules can be tiny, users should distinguish a more extensive and more 

diverse module from a smaller taxon with very similar phylogenetic information, i.e., taxa from 

the same phylogenetic branch. From a biological point of view, high and low preservation 

modules are critical. The high preservation module contains the connections between two 
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phenotypes, and the standard preservation modules have modules and elements that are either no 

interest or phenotype-specific perturbation. However, it is essential to evaluate all modules, and 

modules with differentially abundant taxa are often significant. 

2.2 Evaluation of the Optimal Number of Clusters 

Two significant considerations determine the appropriate number of clusters. The first is the 

distinct patterns of modules picked from a different minimum number of taxa per module for 

building the consensus matrix. The silhouette width evaluation of the consensus matrix with 

hierarchical clustering is the second factor. We investigated how different selections of these two 

parameters affect the downstream analysis in terms of intra-modular correlations, and our results 

show that it is essential to select one less dynamic region of the module patterns, around ten 

modules (Fig. S8). And for the optimal cluster selection, it is vital to choose a minimum number 

as the curve turns into a plateau region. Once these two are selected carefully, the resulting intra-

modular correlations are very similar and should not drastically affect the preservation and 

network analysis. A complete investigation is in Supplement Result. 

2.3 Network Centrality Metrics 

There are three network centrality metrics used by the C3NA, degree centrality, closeness 

centrality, and transitivity using the igraph R package (version 1.2.8) (Gabor Csardi and Nepusz 

2006). The purpose of these parameters is to infer the significance of the taxon between the 

comparing phenotypes. We choose the normalized version for the degree and closeness to 

account for the total number of vertices in the graph, making the results more comparable. We 

calculate the local transitivity for the node's importance within the local network. We extract the 

corresponding intra-modular members from the two phenotypes for each taxon to construct a 

network. We subsequently calculated the three parameters with and without the selected taxon, 
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then used the paired-sample Wilcoxon test to compare the changes among these three network 

metrics. We define the influential taxon as one with at least one statistically significant 

difference after BH-adjusted p-values ≤ 0.05. 

2.4 Intra-Modular Evaluation 

For each of the modules, we will keep the taxa-taxa correlation greater or equal to 0.2 with a BH-

adjusted p-value no higher than 0.05. Next, we obtain the threshold by comparing correlations at 

the stack-taxonomic and single-taxonomic levels (Supplement Results). The combination of 

these two parameters will help estimate the influential taxa within each module.   

 

 

Figure 2. The shared taxa patterns among the studies and taxonomic assignment methods. The top 
bar plot illustrates the relative number of taxa from each of the six taxonomic levels. The bottom 
upset plot and the interaction plot illustrate the number of shared taxa and patterns among the 
examined datasets and taxonomic assignment methods. 
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2.5 Differential Abundance Analyses 

In our analyses, we chose three validated DA methods and executed them on each of the six 

taxonomic levels, including ANOVA-Like Differential Gene Expression Analysis (ALDEx2) 

(Fernandes et al. 2013), Analysis of Compositions of Microbiomes with Bias Correction 

(ANCOM-BC) (Lin and Peddada 2020), and Multivariable Association Discovery (MaAsLin2) 

(Mallick et al. 2021). As expected, there are only a small number of taxa consistently identified 

by the methods from different clustering methods, and the proportion of the consensus taxa 

among the OTUs/ASVs clustering methods is much larger (Supplement Results). We utilized the 

recommended 10% prevalence filtering for each of the Phylum to Species-level assignments 

prior to running the methods on our dataset to obtain more robust results (Nearing et al. 2021). 

Each of these differential abundance analyses was performed between the disease and control 

samples with a binary outcome.  

Table 1. Dataset information from four microbiome study and their associated information from 
C3NA and differential abundance.  
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For the ANCOM-BC, we used the Benjamini-Hochberg (BH) adjusted p-value instead of the 

default Benferroni-Holm methods. The parameter will include the detection of structural zero for 

better suiting the unique structure of the microbiome data. The determination of the differential 

abundance taxa is by a BH-adjusted p-value less or equal to 0.05.  

For the ALDEx2, we went with the safest approach to maximize the amount of taxa 

identification from the Wilcoxon output with less than 0.05. Ideally, the best taxa should overlap  

(95% CI of the effect size omit null point of zero) and an effect size cutoff of 1. However, both 

are rare with microbiome data, and the significantly abundant taxa will be defined with a BH-

adjusted p-value less or equal to 0.05 from the ALDEx2 output.  

For the MaAsLin2, we ran with Arcsine Square Root (AST) transformation without 

including any covariates. The differential abundance taxa were determined using the q-value, 

which is calculated using BH adjusted p-value less or equal to 0.05.     

2.6 Raw 16S rRNA Data Source and Processing Procedures 

We evaluated C3NA using two colorectal cancer (CRC) datasets and two inflammatory bowel 

diseases with Crohn's Disease (CD) 16S rRNA datasets. The first CRC dataset labeled as 

"cancer" was from PRJNA290926 (Baxter et al. 2016), and the second CRC dataset labeled as 

"cancer2" was extracted from PRJEB6070 (Zeller et al. 2014). For both CRC datasets, we only 

used the samples labeled as "Cancer" and "Normal." The first Crohn's disease dataset was 

downloaded from PRJEB13679 (Gevers et al. 2014), and we used the "CD" and "no" as the case 

and control, respectively. The second Crohn's disease dataset was from the IBDMDB (Lloyd-

Price et al. 2019) website, and we used the "CD" and "non-IBD" as the case and control, 
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respectively. For the evaluation, we only utilize the forward reads for each of the 16S rRNA 

datasets. This is due to the unforeseeable format restriction on different datasets the user might 

use. For most cases, the reverse reads tended to have lower QC and needed to be merged with the 

forward reads before the taxonomic assignment procedure. The merging quality varies between 

studies and can negatively impact the taxonomic assignment. To ensure the quality of this 

method for more consistent usability, we run our taxonomic assignment for all the methods using 

only the forward reads. Next, we evaluated two of the most prevalent different taxonomic 

assignment methods, de novo clustering and DADA2 (Callahan et al. 2016). All assignments 

used the same SILVA 138 (Quast et al. 2013) reference under QIIME2 (version 2021.4) 

environment (Bolyen et al. 2019). The dataset information is shown in Table 1.  

 

 

 

Figure 3. C3NA consensus comparison between the de novo and DADA2 taxonomic 
assignment methods. (a) de novo (b) DADA2. Asteroids highlight the intra-modular 
correlation, and the tile color represents the consensus score based on averaging over the 
selected modular patterns. 
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3 Results 

3.1 Differential Abundance Analyses 

There is a clear pattern of inconsistency in which taxa are DA among the three DA methods 

evaluated, and they are summarized in Fig. S2-S5 for the four datasets we examined. In addition, 

ANCOM-BC obtained the most number of DA taxa compared to the other methods.  

3.2 Post-filtering Taxa Comparison 

We apply 10% sample prevalence filtering is used to remove rare taxa from each phenotype. The 

remaining taxa showed consistency and specificity toward the disease. There are more taxa left 

with CRC than CD, which conform with the lower bacterial diversity in CRC compared to CD 

(Fig. 2, Supplement Result) (Ma et al. 2021). 

 

Figure 4. Functional inferences among taxa with disease-only intra-modular correlations. The 
Cancer/CD and Healthy columns represents the cluster in which the taxa belongs to, if present. The 
ANCOMBC, ALDex2, and MaAsLin2 with TRUE represent they are differentially abundant. The 
C3NA column shows if the taxa are influential in the network between disease and control. The 
known function is obtained from a selection of publications. The disease-only intra-modular 
correlations identify the important taxa and their corresponding correlation values on the connecting 
arcs. 
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3.3 Consistency Between the Taxonomic Assignment Methods 

There are study-dependent and OTUs/ASVs assignment methods dependent on co-occurrence 

patterns, and C3NA will construct different networks with the important taxa-taxa connections 

preserved across studies that are specific to the phenotype (Supplementary Results). We selected 

the most prevalent taxa among our datasets and reported by other studies for each of the disease 

phenotypes with a combination of multiple taxonomic levels, including 36 and 27 taxa for the CRC 

and CD, respectively. Previously reported functionalities associated with these taxa and identified 

a few categories for the CRC (Ma et al. 2021; Baxter et al. 2016; Dai et al. 2018; Nistal et al. 2015) 

and CD (Ma et al. 2021; Matsuoka and Kanai 2015; Santoru et al. 2017; Mancabelli et al. 2017; 

Metwaly et al. 2020) phenotypes, and the functionality match well with the consensus clustering 

(Fig. 3a-b). 

There is a high consistency in terms of which taxa are grouped into the modules and which 

taxa-taxa correlations are intra-modular. This illustrates the practicality of using the C3NA 

pipeline regardless of the taxonomic assignment methods (Fig. 3a-b).  

 

Figure 5. The networks created from taxa related to Genus Bacteroides from Baxter et al. 
and Gevers et al. between the disease (CRC or CD) and control. The taxonomic assignment 
method used is DADA2. These figures are generated from the build-in Shiny application.  
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3.4 Identification of Phenotype-Specific Taxa-Taxa Correlations 

One of the critical findings from C3NA among these four datasets is the connection between the 

Genus Bacteroides and Parabacteroides, which has an intra-modular correlation found among 

CRC and absent among CD datasets (Fig. 5a-b). This correlation between Bacteroides and 

Parabacteroides is 0.641 and 0.416 for CRC and Healthy samples. On the other hand, consensus-

based clustering groups them into the same module in CRC with a consensus of 1 and 0 for the 

control. Moreover, C3NA can help assign functions to less-studied taxa and guide biomarker 

discovery studies, as shown in Fig. 4a-b, where we extracted the disease-only correlation from the 

taxa shown in Fig. 3a-b. The results show good consistency in the Category with minor 

discrepancies, and this demonstrates the potential for C3NA to identify new functions to taxa for 

biomarker discovery. Lastly, C3NA enables an interactive comparison of taxa across multiple 

taxonomic levels between phenotypes. For instance, Order Burkholderiales, the higher taxonomic 

level for the genera Parasutterella (Sobhani et al. 2019) and Sutterella (Mori et al. 2018), both 

known to be enriched in CRC samples, had an exceptionally high intra-modular correlation with 

Bacteroides solely in Cancer samples (Fig. 5a-b). 

4 Discussion 

In this paper, we presented a correlation and consensus-based investigation of microbial 

sequencing data to extract and refine the taxa-taxa co-occurrence network for inferring biological 

relationships between the microbes. C3NA has a wide range of applications, including detecting 

specific co-occurrence patterns and identifying, confirming, and assigning functionality to 

microorganisms. By comparing the co-occurrence patterns that differ between different 

phenotypes, C3NA was able to detect unique microbial patterns that represent phenotype-specific 

and study-specific key taxa-taxa interactions. These interactions can be examined further regarding 
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their functional potentials; C3NA can assist in resolving disagreements regarding the contribution 

of a single microorganism to a given phenotype by examining the relationship of all its biologically 

inferable taxonomic categories.  

The main advantage of the co-occurrence network approach with the ability to integrate a range 

of differential abundance analyses is to broaden our understanding of the microbial contribution 

towards a particular phenotype. Given the variability of the results from DA methods, C3NA 

enables the incorporation of as many DA as possible for concordant analyses to extract the most 

valuable groups of taxa that are differentially abundant or connected between phenotypes.  

In conclusion, we presented a novel microbial data analysis pipeline for enhanced and 

methodological investigation of microbial communities and their compositional difference 

between phenotypes. 
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1. Introduction 

Over the past decades, there has been an increasing trend of microbiome research focusing on 

understanding the microbe-host interactions(Levy et al., n.d.; Rooks et al., n.d.). For certain 

phenotypes, such as colorectal cancer(Baxter et al., 2016; Zeller et al., 2014) and Crohn’s 

disease(Gevers et al., 2014), the area under the curve (AUROC) can achieve over 0.9 using just 

microbial 16S rRNA sequencing data. At the same time, many studies invested a range of 

machine learning methods in improving the prediction of the phenotypic outcomes, and our 

previous publication also examined the usability of microbiome data for accurate disease 

prediction (Song et al., 2020; Zhou & Gallins, 2019).  

However, there are two large limitations to these accuracies. Firstly, even though many 

models can achieve high accuracy using cross-validation within the same dataset, when we apply 

the same model to external datasets with a different group of subjects with the same phenotype, 

the high accuracy drops significantly. Secondly, when we examined the important features 

identified by the machine learning models, the highly important model does not agree with the 

key taxa identified by differential abundance analyses. In other words, it is impossible to infer 

the usefulness of these models in biological terms.  

Microbial composition is known to be unstable as there are many environmental factors that 

can alter the microbial composition of an individual, such as changes in diet, disease progression, 

or geologic relocation(Bonder et al., 2016; Cheng et al., 2020). In addition, the microbe-disease 

relationship can be interpreted as an indirect reciprocal relationship, and microbiome data should 

be evaluated carefully and try to filter out the key microbial taxa, which have shown to be 

associated with certain diseases.  
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In this study, we examined the importance of feature selection prior to machine learning 

methods and demonstrated that while there is a reduction in overall AUROC, the external dataset 

shows promising results in terms of drastically improved AUROC. Initially, we examined 

random forest, support vector machine (SVM), extreme boost tree (XGB-Tree), extreme boost 

linear (XGB-Linear), k-nearest neighbor (KNN), and generalized linear model (E.g., LASSO). 

By examing the correlation between the methods and the individual AUROC, we optimally 

selected random forest and XGB-Linear to form an ensemble method.  

To validate this novel approach, we examined three vastly different differential abundance 

taxa identification methods: Firstly, we utilized the Analysis of Compositions of Microbiomes 

with Bias Correction (ANCOM-BC)(Lin & Peddada, 2020), which is one of the most consistent 

approaches to identify differentially abundant taxa(Nearing et al., 2022). Next, we utilized the 

Zero-inflated Beta-binomial Model for Microbiome Data Analysis (ZIBB), which models the 

count matrix with phenotypes while taking account of the excess zeros(Hu et al., 2018). Lastly, 

we utilized the influential taxa identified by the Correlation and Consensus-Based Cross-

Taxonomy Network Analysis, where these taxa represent significant changes in terms of network 

structure upon removal.  

Finally, we utilize four datasets with two matching phenotype pairs: Colorectal Cancer Vs. 

Control and Crohn’s Disease Vs. Control. Our analyses will evaluate the internal validation as 

well as external validation on the second dataset. The results will be evaluated in terms of the 

machine learning AUROC, sensitivity, and specificity, as well as the improvement or decline 

when using feature-selected taxa only.  
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2. Results 

2.1 Differential Abundance Analyses 

2.1.1 Significant taxa identification 

We utilized three different methods to identify important taxa that may contain critical 

information that differentiates between disease and control samples. There is a lack of consistent 

differentially abundant taxa between the disease and control samples for the four studies we have 

examined (Fig. 1). Hence, it is important to combine the taxa identification from multiple 

differential abundance analyses to gain different aspects of the microbial data.   

Figure 1. Differential abundance analysis results in comparison among colorectal cancer and 
Crohn’s disease phenotypes and studies. A. Colorectal cancer from Bexter et al. and Zeller et 
al. B. Crohn’s disease from Gevers et al. and IBDMDB. Each dot represents the presence of 
the number of taxa (bar height), and a link between the vertical dots represents interactions 
between the shared differential abundance analyses and study. The top bar chart illustrated the 
relative abundance of the corresponding taxonomic levels.  
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2.1.2 Principle Component Analysis 

We compared the feature selected and non-feature selected cross-taxonomy taxa relative 

abundance in principle component analysis (PCA) (Fig. 2). We utilized all relative abundance 

from all Phylum to Species-level taxa to establish the no feature selection PCA and the first two 

PCs’ explain between 10 – 12% of the total variances. When we filter the taxa to only the 

differential abundance taxa, the sum of the first two PCs’ can improve to as high as 40%. In Fig 

2., we used Baxter et al. as an example. The total variance explained for two PCs’ increased from 

10.89% to 35.3%, 17.69%, and 26.34% for C3NA, ZIBB, and ANCOM-BC, respectively (Fig. 

Figure 2. PCA analysis of colorectal cancer and control from the Baxter et al. study from 
feature selected and non-feature selected approaches. Disease: colorectal cancer; Control: 
healthy controls. A. No feature selections. B. C3NA. C. ZIBB. D. ANCOM-BC 



 

59 

2A - 2D). We also observed similar trends in the other three datasets we have examined (Fig. S1 

- S3). Overall,  this improvement represents a potential for using differentially abundant taxa for 

the phenotype prediction model.  

 

 

 

Figure 3. Feature selected taxa from different abundance taxa analyses and their 
corresponding AUROC across taxonomic levels. The x-axis represents “no feature selection” 
with different combinations of differential abundance methods. The y-axis represents the area 
under the curve (AUROC). The fill represents the Phylum, Class, Order, Family, Genus, 
Species, and All-taxa levels. 
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2.2 Machine Learning Results 

2.2.1 Selection of the models for ensemble model  

We examined a range of machine learning methods with different combinations of feature 

selection methods (Fig. 3). There is a clear trend of increasing AUROC with more refined 

taxonomic assignment methods as we used more refined taxonomic levels for LASSO, Random 

Forest, and both XGB methods. KNN and SVM did not perform well with inconsistent and low 

AUROC results. In addition, we applied the same model that trained on one colorectal cancer or 

Crohn’s disease on the second independent dataset to evaluate the performance (Fig. S4); the 

results showed inconsistent AUROC for almost all machine learning methods. From the 

taxonomic level perspective, the optimal level is the Genus, Species, and full-taxonomic level.  

To select the best model for ensemble methods, we evaluated the correlation among the 

machine learning methods (Fig. 4), and we want to select a method pair with low correlation and 

stable AUROC. We choose LASSO and random forest to form the ensemble methods due to the 

lower correlation between them, and their combination should capture different aspects of the 

data.  
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Figure 4. Correlation among the feature selected and unselected methods. The X-axis 
represents the combination of the differential abundance methods, and the y-axis is the 
correlation between the machine learning methods.  
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Figure 5. Ensemble methods of LASSO and Random Forest on internal and external testing. The 
area under the curve (AUROC) is on the y-axis, and the x-axis are the combination of machine 
learning models. 
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Table 1. Selected example of ensemble model performance 

 

2.2.2 Ensemble Model Evaluations  

We examined the AUROC, sensitivities, and specificities for all taxonomic levels and feature 

selections from differential abundance analysis combinations (Supplementary Table 1). The 

results highlight the improvement of AUROC from using ensemble methods compared to a 

single Random Forest or LASSO model (Fig. 5, Table 1). For example, when comparing the two 

cancer cases, the internal testing AUROC for the ensemble model has an AUROC of 0.834, 

whereas the random forest and LASSO are 0.795 and 0.834, respectively. The ensemble methods 

do not seem to perform well when we use all the features from the microbiome dataset; when we 

apply at least one of the feature selection methods, there seems to be an improvement of 

AUROC by roughly 10% for some of the cases.  

 

 



 

64 

2.2.3 Variable Importance Evaluations 

We investigated the ranking of the features identified by the machine learning model from 

feature-selected and unselected models (Fig. X). Our previous investigation has shown the high-

ranked important features are not necessarily the features identified by biomarker discovery, and 

our investigation of the four datasets in this study supported this inconsistency. Both the leftmost 

and rightmost bar plots from Fig. XA and XB are connected to features across the middle green 

bar range, where the ensemble model variable importance are ranged from highest to lowest 

from top to bottom. This highlights the disagreement between the machine learning feature 

selection and differential abundance analysis results. In addition, we also noticed a portion of the 

non-significant features from one of the studies become important in the second study and vice 

versa; this change is likely due to study-dependent variation among the population that impacts 

the machine learning model when testing on external datasets.  

When examining how differentially abundant taxa ranked in the all feature model, it seems 

almost half of all differential abundance models will likely be linked to low important features 

from machine learning models. This highlights the importance of using more than one 

differential abundance analysis to gain different types of differential patterns among the 

microbial data. In our investigations, it is clear that when we combine at least two differential 

abundance methods, we can double the number of taxa we look into, and the external prediction 

accuracy will subsequently be improved.  
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Figure 6. Sankey plot of comparing the ranking of the taxa features between the feature selected 
and unselected models. A. Colorectal cancer datasets from Baxter et al. and Zeller et al. B. 
Crohn’s disease datasets from Gevers et al. and IBDMDB. Each bar plot is ranked based on the 
overall significance of the features by averaging the ranks between all feature models (middle 
two bar plots).  
 
3. Methods 

3.1 Dataset processing 

There are four datasets used for this study, including two colorectal cancer datasets and two 

Crohn’s disease datasets, and all datasets were extracted from SRA or designated study web 

servers. The taxonomic profiling was performed after quality control with the Kraken2/bracken, 

QIIME2 for 16S rRNA sequencing data. The two 16S rRNA colorectal cancer data are 

PRJNA290926(Baxter et al., 2016) and PRJEB6070(Zeller et al., 2014), and the two 16S rRNA 

Crohn’s disease datasets are PRJEB13679(Gevers et al., 2014) and IBDMDB(Lloyd-Price et al., 
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2019). These 16S rRNA datasets were processed using the DADA2(Callahan et al., 2016) 

taxonomic assignment method under QIIME2 (QIIME2, n.d.) (version 2021.4) environment with 

SILVA 138(Quast et al., 2013) reference. Lastly, all taxa that did not present for more than 10% 

of the samples (disease and control) are removed, as filtered taxa have shown to have better 

prediction ability.  

3.2 Differential Abundance Analyses 

In our analyses, we selected three differential abundance analysis methods: Analysis of 

Compositions of Microbiomes with Bias Correction (ANCOM-BC), Zero-inflated Beta-binomial 

Model (ZIBB), and Correlation and Consensus-Based Network Analysis (C3NA). For the 

ANCOM-BC, we used the Benjamini-Hochberg (BH) adjusted p-value instead of the default 

Benferroni-Holm methods. The parameter will include the detection of structural zero, which is 

used better to suit the unique structure of the microbiome data. All taxa with adjusted p-values 

below 0.05 were considered differential taxa. For ZIBB, we run by using the default settings with 

differential taxa defined as BH-adjusted p-value below 0.05. In the C3NA, we compared the 

phenotype-specific network between the disease and control, and the influential taxa were 

extracted with BH-adjusted p-values below 0.01.  

3.3 Machine Learning Model Settings 

All the machine learning methods are performed using the caret and caretensemble R package, 

which calls the “randomForest” package for the random forest model, “glmnet” package for the 

LASSO model, “class” package for the KNN model, “kernlab” for the SVM model, and 

“xgboost” for the XGB-Linear and XGB-Tree models. Each model undergoes 100 repeated 5-

fold cross-validation. External validation was performed by adding missing/undetected taxa to 

the testing dataset with all zero’s to enable prediction.  
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4. Discussion 

In this article, we explore an ensemble method aiming to study the usability of combining 

machine learning methods with differential abundance analyses to gain better external 

validations. The findings highlight the importance of considering feature selections prior to using 

machine learning models for phenotype prediction, as this practice will allow better prediction 

functionality when testing on a second independent dataset. This practice can be seen as 

removing potentially study-specific taxa that are not associated with the disease directly.  

Firstly, we examined three different types of differential abundance analyses, which 

identified different taxa as significantly different between the disease and control samples. These 

differences, which are validated by a larger validation study, highlight the importance of using 

multiple differential abundance analyses by selecting the union of the differential taxa in order to 

gain more perspectives on the data across all biologically inferable levels.  

Next, we examine the performance of the machine learning models across six of the 

commonly used models. The results were consistent with previous publications and our own 

study with Genus and all-taxa version having the best predictive values. The study of the 

correlation between the models suggested pairing LASSO with the random forest as these two 

methods have the lowest correlation while maintaining high prediction values. The ensemble 

methods were subsequently generated and evaluated by examing the same phenotype on a 

second dataset. The result suggested the importance of conducting feature selection prior to the 

use of a machine learning model to gain prediction value on a secondary dataset. When it comes 

to feature selection methods, we recommend the use of multiple differential abundance analyses 

and examine the combination and their resulted prediction values. In our study, the ANCOM-BC 
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model mostly obtains the highest external AUROC, but the internal AUROC will be lower 

compared to taxa selected from multiple methods.  

Overall, we established a new perspective on how to combine differential abundance 

analyses with machine learning to discover which taxa can be selected for a consistent phenotype 

prediction.  
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Appendix A: Supplementary Materials for Chapter 2 

DATA PROCESSING 

Stage 1 – OTUs, ASVs, and K-mers Generation 

The raw sequences first undergo FastQC to check the read qualities; there were no bad reads 

with quality scores below 20. Thus, all reads were subsequently imported to QIIME2. These 

demultiplexed reads undergo chimeric sequences removal as part of the QIIME2 (Version 

2019.10) 16S rRNA analysis pipeline. (Bolyen et al., 2019) The de novo, open-reference, and 

closed-reference were performed all with a 97% similarity using QIIME2 version 2019.10. 

(Bolyen et al., 2019) Similarly, DADA2 was also performed using QIIME2 using the 

demultiplexed reads directly. (Bolyen et al., 2019; Callahan et al., 2016) All these four methods 

used the same reference provided by the SILVA rRNA database project Version 132 release. 

(Quast et al., 2013) The final output from these procedures is four OTUs/ASVs-level tables, and 

we subsequently extract the higher level OTUs/ASVs count matrices. We have also extracted 

seven levels of OTUs/ASVs matrices based on their taxonomic assignments: phylum, class, 

order, family, genus, species, and OTUs/ASV. We also removed three taxonomy assignments 

from these count matrices: missing, ambiguous taxa, or unassigned. The full processing 

workflow is shown in Figure S1.  

Raw k-mer calculations were done using R (Version 4.0.1) (R Core Team, 2013) by 

breakdown each of the FASTQ raw sequences and counts each of the fragments that to a raw 

counting matrix. We split the k-mers length in our example to very short k-mers and short k-

mers, the very short k-mers are k-mers range from 4-mers, 5-mers, 6-mers, and 7-mers, and the 

short k-mers are 15-mers, 21-mers, and 30mers. Both k-mer categories have been used to study 

for their phenotype prediction properties. (Asgari et al., 2018; Molik et al., 2020) Since we are 
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trying to preserve as many unique reads and their associated counts as possible and at the same 

time, make the analyses computationally feasible, during the k-mer extraction process for the 

short k-mers, we have removed any reads less than five counts out of each sample. This process 

reduces the resulted dataset and dimension by at least half.   

Through this stage, we have generated 21 OTUs count matrices, 7 ASV count matrices, 4 

very short-chain k-mer matrices, and 3 short-chain k-mer matrices.  

Stage 2 Normalization 

Previous publications have investigated the potential usefulness of utilizing normalization 

technology on the count matrices. (Weiss et al., 2017) This idea stemmed from the normalization 

of RNA-Seq data, which is another large count matrix similar to OTUs/ASVs matrices. The key 

difference is the OTUs table is zero-inflated, which is not a common problem in the RNA-Seq 

data (except single-cell RNA-Seq). Thus, some of the methods used for RNA-Seq transformation 

might benefit from adjustment, which is an active research field. In this project, we chose 

DESeq2, which was recommended from a previous publication, though its usefulness from 

simulated data was controversial. (McMurdie & Holmes, 2014; Weiss et al., 2017) Briefly, 

DESeq2 models the counts with Negative Binomial to detect the differential abundance while 

accounting for the sampling depth and OTUs/ASVs composition. Due to the large dimension of 

the short-chain k-mers, which are the 15-mer, 21-mer and 30-mer and we removed the count 

lower than 5 reads per sample when generating the final count matrices.   

After this stage, we have obtained 42 OTUs count matrices, 14 ASV count matrix, 8 very 

short-chain k-mer matrices, and 3 short-chain k-mer matrices. 
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Stage 3 Filtering the Samples 

For the OTUs and ASVs count matrices undergo the three filtering criteria reported 

previously.(Duvallet et al., 2017; Goodrich et al., 2014; Zhou & Gallins, 2019) The first filter 

excludes the sample with less than 100 reads, and the second filter subtracts OTUs with less than 

10 reads. (Duvallet et al., 2017) The third filter removes OTUs that present less than 5% of 

samples.(Goodrich et al., 2014) We detail the number of features prior to the machine learning 

algorithm is shown in table [!Sheet1 in the OTUsASVsTables.xlsx]. Generally, the filtering 

removed fewer features (OTUs/ASVs) with a more specific taxonomic level, i.e. more features 

were kept on the species level compared to class level. There are many ways that filtering can 

undergo, other studies have implemented a less rigorous third rule, which only removed OTUs 

that present less than 1% of samples (Ross et al., 2015; Singh et al., 2015; Vincent et al., 2013)  

After this stage, we have obtained 84 OTUs count matrices, 28 ASV count matrices, 8 very 

short-chain k-mer matrices, and 3 short-chain k-mer matrices. 

Stage 4 Machine Learning Methods 

The details for most of the machine learning methods except logistic regression were part of our 

previous work and explained in great detail previously. (Zhou & Gallins, 2019) All the methods 

were tested against a binary outcome, Disease Vs. Control. 

Among the 11 machine learning algorithms we have tested, ten methods were part of the 

supervised learning methods. The LASSO (Tibshirani, 1996), Ridge (Hoerl & Kennard, 1970), 

Elastic Net (Zou & Hastie, 2005) and Logistic (Nelder., 1989) are the regression aspects of the 

supervised learning. The Support Vector Machine (SVM)(Cortes & Vapnik, 1995), Gradient 

Boost (XgBoost) (Friedman, 1999), random forest (Breiman, 2001), K-nearest Neighbors, 

Hierarchical clustering, and Neural Network (Ditzler et al., 2015) represents different methods 
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within the supervised classification category. Lastly, we also used a K-means method to shed 

some light on unsupervised machine learning methods.  

After this stage, our analyses have undergone 924 OTUs-based predictions, 308 ASV-based 

predictions, 88 very short-chain k-mer-based predictions, and 33 short-chain k-mer-based 

predictions. This sums up to a total of 1,353 combinations per disease type.  

Stage 5 Evaluation  

K-Fold cross-validation is a commonly used resampling protocol for evaluating machine 

learning methods. In our pipeline, we utilize a 5-fold cross-validation scheme with 100 iterations. 

Briefly, at the beginning of each iteration, we randomly break down the sample consisting of the 

diseased and control subjects to 5 roughly equal-size groups. Then each of these five groups was 

used as the testing set, while the remaining four groups were selected as the training set. At the 

end of each 5-fold validation, we extract all the predicted values from each of the 11 methods 

and save them prior to running the next iterations. For the TwinsUK dataset, we modified the 

sampling methods to ensure twins who came from the same family were kept in the same 

training/testing set.  

Overall, we have just over 5,412 combinations tested.  
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Figure S1. Workflow of the projects with the calculation of count matrices or combinations at 
each stage.   
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Figure S2. Upset plot for the interaction of features for all three Inflammatory Bowel Disease 
diagnoses and Control. Including the filtered and non-filtered OTU/ASV picking methods at 
different taxonomic levels. (A-F) Phylum, Class, Order, Family, Genus and Species-level.  
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Figure S3. Upset plot for the interaction of features for Obesity and Control. Including the 
filtered and non-filtered OTU/ASV picking methods at different taxonomic levels. (A-F) 
Phylum, Class, Order, Family, Genus and Species-level. 



 

81 

 
Figure S4. Difference in AUROC Caused by Filtering between Normalized and Unnormalized 
Combinations. The Y-axis is the difference between the filtered and unfiltered AUROC when 
holding other parameter at the same level. If the results are above 0, it means the filtered 
combination generated a better AUROC compared to the unfiltered combination. Top row is the 
results from DESeq2 normalization. Bottom row is the result from no normalization.  
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Figure S5. Difference in AUROC Caused by Normalization between Filtered and Unfiltered 
Combinations. The Y-axis is the difference between the normalized and unnormalized AUROC 
when holding other parameter at the same level. If the results are above 0, it means the 
normalized combination generated a better AUROC compared to the unnormalized combination. 
Top row is the results from DESeq2 normalization. Bottom row is the result from no 
normalization. 
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Figure S6. Benchmarking the Machine Learning Algorithms. The X-axis is the log10-
transformed milliseconds.  
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Figure S7. Benchmarking of machine learning algorithms faceted by the normalization and 
filtering status.  
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Appendix B: Supplementary Materials for Chapter 3 

Supplementary Results 

SparCC Results Comparison between Single-Taxonomic Level and Cross-Taxonomic Levels  

C3NA filtered the SparCC results with the taxa-taxa correlations (BH-adjusted p-value ≤ 0.05) 

and has positive correlations of at least 0.2, which is determined by examining the SparCC's 

stability to find correlations from single-taxonomic level SparCC runs.  

We benchmarked the comparisons using the Baxter et al. with the "Cancer" phenotype, and 

each of the runs will include 1,000 iterations of SparCC, and the results are extracted and 

compared. Firstly, we examine the correlation pairs detected by both single- and multi-

taxonomic level runs; the differences are removed and shown in Fig. S1A. The correlation 

differences between them are primarily between ±0.1. Next, we examined the unique 

correlations found from either method, as shown in Fig. S1B, and these individual correlations 

are primarily below 0.2. As a result, we recommended a 0.2 correlation threshold for filtering the 

taxa-taxa correlation as this is a suitable threshold to detect significant correlations and not too 

high to omit essential correlations.   

Differential Abundance among Studies 

While there are shared taxa identified by different DA methods, there are still disagreements 

among them, with ANCOM-BC capturing more than the other two methods. C3NA, by 

definition, captures different taxa as the interpretation of C3NA influential taxa highlights a 

change in modular membership between the two phenotypes, not necessarily representing the 

differentially abundant taxa. Supplementary Fig. S2-5 represents the differential abundance 

results from Baxter et al., Zeller et al., Gevers et al., and IBDMBD datasets, respectively.  
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Impact of Filtering on Taxa Identification across Studies and OTUs/ASVs Assignment Methods 

In our investigation, we used four different datasets, each undergoing taxonomic assignments via 

de novo and DADA2, two very different methodologies. There are taxa rare taxa across all six 

taxonomic levels identified and filtered out across studies and Crohn's disease and Colorectal 

Cancer phenotypes. When we compared the remaining taxa across all six levels, we found 

consistent patterns in which the majority (215) taxa were identified; in addition, the results also 

highlighted disease-specific and study-specific taxonomic assignments (Supplementary Fig. S6). 

We also investigated the removed taxa, and their patterns are unique to the study and the 

clustering methods (Supplementary Fig. Sd7). The number of filtered taxa and original taxa are 

shown in Supplementary Table 1, and this reduction of rare taxa corresponds to a decrease in 

computation time, which used 12 cores on Intel(R) Xeon(R) CPU E5-2670 0 @ 2.60GHz with 

30 GB of RAM.  

Effect of Consensus-based on Different pattern selections 

When we examined the module membership changes from different minimal module sizes, there 

is a clear trend of decreasing changes in module memberships, and as we reduce the number of 

modules below ten, there will be more duplicated patterns (Fig. S1-S12). We selected all unique 

designs with minimal module sizes equal to or greater than ten for all our investigations, 

providing consistent results. 

We examine the impact of different module patterns and the optimal number of clusters 

based on the consensus matrix by examining the result of remaining significant correlations after 

clustering. Using different selected module patterns and a range of optimal clusters, we evaluated 

how many key correlations remain. The results show consistency in important correlations, 

particularly for the essential correlations greater or equal to 0.2. We determine the final taxa 
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cluster through clustering of the consensus matrix (Fig. S12-S26), there is a clear trend of a quick 

increase of average silhouette widths with the increased number of clusters, and it gradually 

plateaued after 15 clusters. As Supplementary Fig. S9 show, we can generally categorize the 

silhouette plot into three categories, the first panel is the "base dynamic region" (minimal number 

of taxa per module from 3 to 12), where we include all the dynamically changing regions, and 

with more patterns, the silhouette width plot gradually forms a curve with a plateau region from 

linear trends. The second panel includes the "less dynamic region," which includes the region 

with a few duplicated patterns, but the pattern generally changes (small changes) with each 

increment (the minimal number of taxa per module ranges from 13 to 25). The third panel 

includes the "stable region" where the majority of repetitive patterns occur. C3NA recommends 

the user to pick any of the dynamic regions which can be identified by minimal repetitive region 

with the number of modules for each pattern between 10 to 20. As the first and third panel 

indicates selections, other regions might lead to an unstable silhouette plot for the optimal 

number of cluster determination.  

Next, we evaluated the impact of the remaining number of significant intra-modular 

correlations greater or equal to 0.2 from each of the parameters we observed with a similar 

number of clusters with an optimal number of clusters greater than 15. This also indicates the 

stability of the consensus-based clustering; with enough patterns selected, slight differences in a 

few patterns and different numbers of optimal clusters will not drastically affect the downstream 

correlation results. For example, when we look at the minimal number of taxa per module from 

15 to 22 (Supplementary Fig. S9B, x-axis), after the proportion of zeros per cluster dropped 

below 10% (uncrossed-off numbers), the number of intra-modular correlations between the 
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optimal number of clusters 15 – 22 are all around 1,300 ± 100. C3NA advises using an optimal 

number of clustering as low as possible once the silhouette plot enters the plateau region.   

SparCC Stability with Different Number of Bootstraps 

We use the DADA2 ASV assignment method with the Cancer samples from Baxter et al. to 

evaluate the impact of iterations on the stability of SparCC (Supplementary Fig. S11). For each 

of the 10, 25, 50, 100, and 500 iterations, we run six different bootstrap rounds. We investigate 

the difference in terms of taxa-taxa correlations greater or equal to 0.2 with BH-adjusted p-

values less or equal to 0.05. The results show that most of the correlations are shared compared 

to 1,000 iterations. The most significant difference is the total number of these correlation pairs, 

with 1,000 iterations having roughly 16% fewer correlations compared to that with ten iterations, 

though most of the missed correlations are less than 0.3. Thus, when running a smaller number 

of iterations for preliminary investigation and evaluation under the Shiny application, the user 

should filter the correlations to 0.3. We also evaluated the time consumption while running these 

bootstraps. The computation time for 10, 25, 50, 100, and 500 using one core on Intel(R) 

Xeon(R) CPU E5-2670 0 @ 2.60GHz are 10 minutes, 1.25 hours, 3 hours, 10 hours, and 34 

hours, respectively.  

Optimal Number of Clusters Selection for Datasets included in the study 

The patterns and silhouettes curves for the datasets are saved on Github 

(https://github.com/zhouLabNCSU/C3NA_ScriptsAndData) under the file Supplementary 

Figures.pdf with Fig. S11 – S26.  

https://github.com/zhouLabNCSU/C3NA_ScriptsAndData
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Consensus Matrices for the Datasets included in the study  

The consensus matrices based on the optimal number of clusters are saved on Github 

(https://github.com/zhouLabNCSU/C3NA_ScriptsAndData) under the file Supplementary 

Figures.pdf with Fig. S27 – S42.  

Correlation Matrices for Datasets included in the study 

The correlation matrices based on the optimal number of clusters are saved on Github 

(https://github.com/zhouLabNCSU/C3NA_ScriptsAndData) under the file Supplementary 

Figures.pdf with Fig. S43 – S58.  

 
 

https://github.com/zhouLabNCSU/C3NA_ScriptsAndData
https://github.com/zhouLabNCSU/C3NA_ScriptsAndData
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Supplement Figure 1. Comparison of Stacked-Taxa Correlation with Individual Taxonomic 
Correlation. The results used the Colorectal Cancer from Baxter et al., with the samples 
associated with the phenotype "Cancer." (A)  Comparison of the difference between the stacked-
taxa with the individual taxonomic correlations for the taxa-taxa pairs that are above 0.1 with 
adjusted p-values less or equal to 0.05. (B) Comparison of the stacked-taxa or individual 
taxonomic only correlations that do not present in the other results.  
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Supplement Figure 2. Compare differentially abundant taxa between the "Cancer" and 
"Normal" among two OTUs/ASVs assignment methods in Baxter et al. Orange filled intersect 
between the de novo and DADA2 methods under ANCOM-BC, green filled intersect between de 
novo, and DADA2 methods for under MaAsLin2, blue filled intersect between de novo and 
DADA2 methods for under ALDEx2, and purple filled intersect between de novo and DADA2 
methods for under C3NA influential taxa.  
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Supplement Figure 3. Compare differentially abundant taxa between the "Cancer" and 
"Normal" among two OTUs/ASVs assignment methods in Zeller et al. Orange filled intersect 
between the de novo and DADA2 methods under ANCOM-BC, green filled intersect between de 
novo, and DADA2 methods for under MaAsLin2, blue filled intersect between de novo and 
DADA2 methods for under ALDEx2, and purple filled intersect between de novo and DADA2 
methods for under C3NA influential taxa. 
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Supplement Figure 4. Compare differentially abundant taxa between the "Cancer" and 
"Normal" among two OTUs/ASVs assignment methods in Gevers et al. Orange filled intersect 
between the de novo and DADA2 methods under ANCOM-BC, green filled intersect between de 
novo, and DADA2 methods for under MaAsLin2, blue filled intersect between de novo and 
DADA2 methods for under ALDEx2, and purple filled intersect between de novo and DADA2 
methods for under C3NA influential taxa. 
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Supplement Figure 5. Compare differentially abundant taxa between the "Cancer" and 
"Normal" among two OTUs/ASVs assignment methods in IBDMDB. Orange filled intersect 
between the de novo and DADA2 methods under ANCOM-BC, green filled intersect between de 
novo, and DADA2 methods for under MaAsLin2, blue filled intersect between de novo and 
DADA2 methods for under ALDEx2, and purple filled intersect between de novo and DADA2 
methods for under C3NA influential taxa.  
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Supplement Figure 6. Impact of Filtering on Taxa Identification across Studies and 
OTUs/ASVs Assignment Methods from Disease Phenotypes. The top barplot highlights the 
proportion of each taxonomic level within the corresponding intersected taxa. The bottom bar 
plot highlights the intersected taxa with the solid point representing the presence of taxa in the 
corresponding row combination of study, clustering methods, and phenotype. Phenotypes: CD: 
Crohn's disease; Cancer: Colorectal Cancer.  
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Supplement Figure 7. Removed Taxa from Six Levels across Studies and OTUs/ASVs 
Assignment Methods from Disease Phenotypes. The top barplot highlights the proportion of each 
taxonomic level within the corresponding intersected taxa. The bottom bar plot highlights the 
intersected taxa with the solid point representing the presence of taxa in the corresponding row 
combination of study, clustering methods, and phenotype. Phenotypes: CD: Crohn's disease; 
Cancer: Colorectal Cancer.  
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Supplement Figure 8. A. Average silhouette width plots with all Minimal Number of Taxa per 
Module and with Different Number of Clusters. B. Effects of Intra-modular Correlations from 
Different Minimal Number of Taxa per Module and Optimal Number of Clusters. The cross-out 
numbers represent the number of intra-modular correlations collected from clusters, including 
more than 10% intra-modular consensus proportions. The data is generated using the Baxter et 
al. with "Cancer" samples under the DADA2 ASV assignment method, and the minimal number 
of taxa per module chosen with ten modules is 21, and the optimal number of clusters chosen is 
15. The corresponding consensus and correlation plots are Fig. S2 and S13, respectively. The 
white circle includes the ideal region for selection.  
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Supplementary Results Figure 9. Intra-modular taxa-taxa correlations are shared among the 
selected combination of Minimal Number Taxa per Module and Number of Clusters. The blue 
bar highlighted set represents the selected combination for C3NA analysis. 
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Supplementary Results Figure 10. Comparison of Significant Taxa-Taxa Correlations from 
Different Number of Bootstraps in sparCC. Each bootstrap undergoes six different replications. 
The number of bootstraps includes 10, 25, 50, 100, 500, and these are compared to the standard 
1,000 iterations. Intersect taxa less than ten taxa are removed, the boxplot on the top represents 
the average correlation with each intersected taxa-taxa correlations among the different 
combinations.  
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Supplementary Table 1. Dataset summaries from the four studies, two phenotypes, and two 
OTUs/ASVs taxonomic assignment methods 
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Appendix C: Supplementary Materials for Chapter 4 

 
Figure S1. PCA analysis of the colorectal cancer and control from the Zeller et al. study from 
feature selected and non-feature selected approaches. Disease: colorectal cancer; Control: 
healthy controls. A. No feature selections. B. C3NA. C. ZIBB. D. ANCOM-BC 
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Figure S2. PCA analysis of the colorectal cancer and control from the Gevers et al. study from 
feature selected and non-feature selected approaches. Disease: Crohn’s disease; Control: healthy 
controls. A. No feature selections. B. C3NA. C. ZIBB. D. ANCOM-BC 
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Figure S3. PCA analysis of the colorectal cancer and control from the IBDMDB  from feature 
selected and non-feature selected approaches. Disease: Crohn’s disease; Control: healthy 
controls. A. No feature selections. B. C3NA. C. ZIBB. D. ANCOM-BC 
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Figure S4. Feature selected taxa from different abundance taxa analyses and their corresponding 
AUROC across taxonomic levels. The x-axis no feature selection, with different combination of 
differential abundance methods. The y-axis represents the external data Area under the Curve 
(AUROC). The fill represents the Phylum, Class, Order, Family, Genus, Species, and All-taxa 
levels. 
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