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ABSTRACT 

COMPARATIVE ANALYSIS OF DENOISING AND CLUSTERING METHODS IN 
MICROBIOME ANALYSIS 

Rohan Sanjay Patil, Ph.D. 

George Mason University, 2019 

Dissertation Director: Dr. Patrick Gillevet 

 

Taxonomic profiling of microbial communities is one the most crucial and at the same time 

very challenging step in microbiome data analysis. The challenges mostly concern 

achieving the best biological precision while also completing the community profiling in a 

reasonable amount of time and computational cost. Traditionally, this profiling was 

accomplished by clustering sequence reads into Operational Taxonomic Units (OTUs) 

using UCLUST at a specific percent sequence similarity threshold (typically 97%) which 

may result in discarding some correct biological sequences considered as singletons. 

Therefore, this needs to be improved to 100% similarity threshold by using error-correction 

methods to avoid NextGen sequencing errors. Recently, some novel bioinformatics 

methods, namely DADA2, Deblur, and UNOISE, have been developed that focus on 

sequence denoising (error-correction) strategies and attempt to identify all correct 

biological sequences in the reads. Although named differently as Amplicon Sequence 

Variants (ASVs), sub-OTUs (sOTU), and zero-radius OTUs (zOTU) by DADA2, Deblur 
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and UNOISE, respectively, they all essentially mean the same thing i.e. the unique 

sequence variants (SVs) generated in different numbers by each of the analytical pipelines. 

These SVs could be used directly as representative sequences instead of those obtained by 

clustering sequence reads into OTUs. Since the aforementioned methods have been 

released recently, there are just a few third-party comparisons done between them. 

Therefore, there is a need for a thorough comparative analysis between these new denoising 

methods with each other and with respect to some common clustering methods, as well as 

between their respective SVs and OTUs. In my research, I have focused mainly on three 

sequence analysis programs: QIIME1, QIIME2 and USEARCH, since their previous 

versions (QIIME version 1.9 and USEARCH v9) provided some indigenous clustering 

methods and now their current versions (QIIME2 and USEARCH v10 & onwards) offer 

additional choices for denoising methods. In addition to this, I have investigated some 

popular online sequence analysis tools such as BLAST, RDP-11 and state-of-the-art One 

Codex, and I compared their performances with offline sequence analysis i.e. denoising 

and clustering methods. I have also proposed a novel approach using RDP classifier based 

bootstrap analysis to improve the confidence of taxonomic profiling. 
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INTRODUCTION 

For the accurate molecular identification of species in complex environmental 

samples, testing the ability of new or existing techniques used for taxonomic profiling has 

become very critical. There are more methods and workflows available now than before, 

but the processing of genomic metadata has always been intimidating for ecologists, 

environmentalists, and system biologists wishing to identify species in a complex system. 

The problem is growing exponentially with increased throughput on the Next Generation 

Sequencing (NGS) instruments such as the Illumina GA/ HiSeq 2000/MiSeq (Illumina) 

and PGM/S5 (Ion Torrent). In microbiome data analysis, 16S rRNA amplicon sequencing 

approach is often preferred over shotgun metagenomic sequencing in order to avoid high 

costs and problems with sequencing non-microbial DNA from host and diet contamination. 

However, sequencing errors still do occur, and they often cause difficulties to identify 

biologically real nucleotide differences in 16S sequences from sequencing artifacts. These 

errors need to be corrected prior to generating the operational taxonomic units (OTUs). 

This gave rise to a new method to eliminate sequencing noise, and hence, called 

‘denoising’. There are some novel denoising methods getting researchers’ attention, 

namely DADA2, Deblur and UNOISE, which differ in their error-correction strategies 

although they are developed with the same goal which is to determine real biological 

sequences at single nucleotide resolution. In DADA2 and UNOISE, they call this as 
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‘denoising’, while in Deblur it is called ‘deblurring’. Their final results are also the same 

types of files, yet they have different names by which they call them. In DADA2 they are 

called Amplicon Sequence Variants (ASV); in Deblur they are called sub-OTUs (sOTU); 

and in UNOISE they are called zero-radius OTUs (zOTU). Based on the referred research 

papers, articles, and reviews, DADA2 has been suggested to be better at finding rare 

organisms and hence it generated more SVs with slightly better resolution than Deblur and 

UNOISE. However, it takes substantially more processing time and is the slowest of all the 

above tools. UNOISE was the fastest and Deblur was moderate with respect to processing 

time and SVs generation. In my dissertation, I have used these denoising methods to 

rigorously compare them with each other and other commonly used sequence clustering 

methods. I also compared the-state-of-the-art denoising and clustering computational tools 

with some popular online sequence analysis tools such as BLAST, RDP-11 and One 

Codex. Additionally, I have developed a novel approach using bootstrapped confidence 

scores to improve taxonomic profiling. 

 

Goal 1 – To compare Denoising and Clustering methods using Microbiome data. 

Goal 2 – To compare Online sequence analysis tools and state-of-the-art computational 

tools for Denoising and Clustering. 

Goal 3 – Using a novel approach of RDP-11 Bootstrap analysis to improve confidence of 

taxonomic profiling. 
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Microbiome Analysis and Taxonomic Profiling 

The Science of Microbiome Analysis or Microbiomics could be defined as a 

comprehensive study of the microbial communities obtained from a specific natural habitat 

along with information about the environment. These studies begin with sample collection 

and processing, continues with sequencing techniques, and ends with the application of 

Bioinformatics tools for the taxonomic profiling and diversity analysis of the microbiome. 

Taxonomic profiling typically includes the following steps: sequence data quality control, 

clustering or denoising, taxonomic assignment, sequence alignment and phylogenetic tree 

building. Additionally, several methods and pipelines for taxonomic profiling in 

microbiome analysis are discussed.  

This microbiome analysis specifically focusses on the 16S rRNA amplicon 

sequencing using NGS instruments. Here, 16S rRNA is a portion of the prokaryotic 30S 

ribosomal subunit (a smaller subunit of the 70S ribosome) where S stands for the Svedberg 

unit, a measure of a particle's size based on its sedimentation rate. The 16S rRNA genes 

are used in reconstructing species phylogenies as the rate of evolution of this gene 

differentiates species of bacteria and archaea. Specifically, these 16S rRNA gene 

amplicons possess hypervariable regions (V1-V9) that can provide species-specific 

signature sequences useful for the identification of bacteria. Additionally, the highly 

conserved primer binding sites allow the amplification of all bacterial species in one assay. 

Thus, 16S hypervariable region analysis is a powerful tool for bacterial taxonomic 

profiling. In my research for microbiome analysis, I have used both natural and mock 

(laboratory synthesized) bacterial communities with 16S marker genes and focusing 
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specifically on their hypervariable regions V1 and V2, which are often observed as 

containing the greatest intraspecies diversity (Claesson 2010).  

 

Clustering and Non-Clustering Methods 

Clustering methods are of three types based on their different goals to generate 

clusters: de novo, closed reference, and open reference. De novo clustering is a non-

reference-based approach in which sequences are compared with each other to find 

sufficient identity to be clustered without using any reference database. Closed-reference 

clustering is based solely on the reference data with known taxonomy against which reads 

are clustered and unmatched sequences are discarded from the downstream analyses. In 

contrast, open-reference clustering combines both de novo and closed-reference 

approaches which first attempts to cluster sequences based on the reference database and 

unmached sequences are subsequently clustered de novo. Although there are several 

clustering strategies, most of the algorithms for sequence data clustering use centroid-based 

(k-means clustering), connectivity-based (hierarchical clustering), or distribution-based 

(model-based clustering) strategies. The clustering methods and algorithms used in this 

research are UCLUST (Edgar 2010), Mothur (Schloss 2009), CD-HIT (Li 2006 and 2012), 

Swarm (Mahé 2014), UPARSE (Edgar 2013) and VSEARCH (Rognes 2016). 

Denoising methods, on the other hand, combine dereplication and error correction 

strategies. Dereplication is basically de novo clustering but with a 100% similarity 

threshold, and instead of forming clusters the identical sequences are merged into unique 

sequences. Error correction strategies try to identify and correct the sequencing errors 



5 
 

which are often based on the k-mer coverage spectrum generation approach using the per-

base quality scores (Heydari 2017). Here, k-mers are the short-length subsequences (k 

number of nucleotides or base pairs) of the sequenced read which measures the 

identification quality of the nucleobases. Sequencing errors can be measured using the 

quality scores of the sequences which are not taken into consideration in the clustering 

methods but are corrected in denoising, either by building an error rate model or by solving 

them using some mathematical formulation. The denoising methods used in this research 

are DADA2 (Callahan 2016), Deblur (Amir 2017) and UNOISE (Edgar 2016) which have 

their algorithms based on different strategies to achieve the same goal of fixing sequencing 

errors.  

 DADA2 is based on the parametric error rate model that is trained on the entire 

sequencing run and then applies that model to correct and collapse the sequence errors into 

what they call amplicon sequence variants or ASVs (Callahan 2016). Deblur is based on 

the upper error rate bound along with a constant probability of indels and the mean read 

error rate, which aligns sequences together into “sub-OTUs” and removes predicted error 

derived reads from neighboring sequences (Amir 2017). UNOISE is based on two 

parameters with pre-set values that were curated by its author to generate “zero-radius 

OTUs” rather than depending on quality scores (Edgar 2016). 

 Unlike the clustering methods, which generate OTUs (the clusters of sequencing 

reads matching over a fixed identity threshold) that differ by less than a fixed dissimilarity 

threshold, the denoising methods generate unique sequence variants (SVs) down to the 

level of single-nucleotide differences over the sequenced gene region. 
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 In clustering process, the sequences that do not fall in any OTU end up forming 

singletons i.e. OTUs with single sequence, which are then discarded. Therefore, there is a 

risk of losing some substantial information if any of those singletons were rare species 

found in the given biological sample of the microbial community. However, in denoising, 

the singletons are considered as a part of unique sequences to be further processed for error-

correction.  

 Although similar to the post-clustering taxonomic assignments of the representative 

sequences and generation of an OTU table after denoising, SVs are also annotated, and 

their features table is built, tabulated, and summarized.  

 

OTUs and SVs 

 OTUs are the subsets of the correct biological sequences in reads such that no two 

sequences in each OTU are <97% identical to each other and no two OTUs are >3% 

identical to each other. SVs are the biological sequences in the sample differing by as little 

as one nucleotide and hence have close to 0 to 0.1% dissimilarity threshold. They are 

inferred by correcting the sequencing errors of the unique sequence reads generated by 

merging the biological sequences that cover the same gene region.  

The most abundant sequence in each OTU is selected as a representative of that 

OTU sequence subset while each SV is formed by combining identical sequencing reads 

into “unique sequences” with a corresponding “abundance” and is considered as a 

representative sequence. And just like a representative sequence of any OTU, every SV 

represents a particular taxonomic classification.   
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MATERIALS AND METHODS 

All the sequence data materials were received from various resources mentioned 

below and processed by myself at Dr. Gillevet lab and the MicroBiome Analysis Center 

(MBAC). NextGen Sequencers used for obtaining the sequence data from are Ion Torrent 

Personal Genome Machine (PGM) system and Illumina MiSeq system. Methods and tools 

used for data processing are listed under the computational tools that were ran mainly on 

my computer and partly on MBAC server via the Galaxy web portal. The database 

searching tools are available online and hence were accessed from their respective 

websites. 

 

Sequence Datasets 

This research utilized two types of microbial community sequence data. I first used 

a mock community dataset to test the performances of different methods. This mock 

community was an artificial mixture of laboratory cultures provided by the ATCC. I then 

used natural community data obtained from real environments such as soil, water, human 

or animal gut, skin, etc. to test the consistency of methods and quality of the analysis. 
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Mock Community Data 

The mock community data used in this research is the quality controlled (QC) 

strains from four products from the American Type Culture Collection (ATCC). These 

mock communities were processed and sequencing on the Ion Torrent PGM. This QC data 

given in a table below shows the composition of each ATCC mock community standards.  

 

 

Figure 1. ATCC Microbiome Standards (taken from Application Notes No. 30) 
 

ATCC® sells MSA-1000™, MSA-1001™, MSA-1002™, and MSA-1003™ which are 

genomic DNA standards and MSA-2002™ and MSA-2003™ which are lyophilized whole 

cell standards. However, only the genomic DNA standards were used for this research for 

comparative analysis of denoising and clustering methods.  
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Table 1. ATCC Standards Mock community data 
 
ATCC std. project  # Organisms Total # Genome copies 

MSA-1000 series 10 Even amounts, 2E+6 genome copies/organisms 

MSA-1001 series 10 Staggered amounts, 2E+4 to 2E+7 genome 

copies/organisms 

MSA-1002 series 20 Even amounts, 2E+6 genome copies/organisms 

MSA-1003 series 20 Staggered amounts, 2E+4 to 2E+7 genome 

copies/organisms 

 

These Microbiome Standards series (MSA) are prepared by ATCC for the purpose 

of method optimizations and data interpretation. These artificial standards are well 

characterized and validated microbial DNA simulating metagenomic samples. They can be 

analyzed by whole genome sequencing (WGS) or 16S rRNA amplicon sequencing of the 

10 or 20 strains per sample with even or staggered ratios of the abundance distribution, and 

either medium or high levels of complexity. (ATCC Application Notes 2017 - No. 30) 

 

Table 2. ATCC Standards: list of QC strains with their distributions per set 
 

 Organism name (Genus 

species) 

MSA-1000 

(Even 10) 

MSA-1001 

(Stagger 10) 

MSA-1002 

(Even 20) 

MSA-1003 

(Stagger 20) 

1 Bacillus cereus 10% 4.48% 5% 1.80% 

2 Bifidobacterium adolescentis 10% 0.04% 5% 0.02% 

3 Clostridium beijerinckii 10% 0.45% 5% 1.80% 

4 Deinococcus radiodurans 10% 0.04% 5% 0.02% 

5 Enterococcus faecalis 10% 0.04% 5% 0.02% 

6 Escherichia coli 10% 4.48% 5% 18.00% 
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7 Lactobacillus gasseri 10% 0.45% 5% 0.18% 

8 Rhodobacter sphaeroides 10% 44.78% 5% 18.00% 

9 Staphylococcus epidermidis 10% 44.78% 5% 18.00% 

10 Streptococcus mutans 10% 0.45% 5% 18.00% 

11 Acinetobacter baumannii 0% 0% 5% 0.18% 

12 Actinomyces odontolyticus 0% 0% 5% 0.02% 

13 Bacteroides vulgatus 0% 0% 5% 0.02% 

14 Helicobacter pylori 0% 0% 5% 0.18% 

15 Propionibacterium acnes 0% 0% 5% 0.18% 

16 Neisseria meningitidis 0% 0% 5% 0.18% 

17 Porphyromonas gingivalis 0% 0% 5% 18.00% 

18 Pseudomonas aeruginosa 0% 0% 5% 1.80% 

19 Staphylococcus aureus 0% 0% 5% 1.80% 

20 Streptococcus agalactiae 0% 0% 5% 1.80% 

 

The aforementioned QC strains are listed in detail (Table2) with their names and 

their respective mix. The first 10 organisms from the given list are present in MSA-1000 

and MSA-1001 series, both having medium levels of mock community complexity. 

Whereas all 20 are in the MSA-1002 and MSA-1003 series, both having high levels of 

mock community complexity. 

These bacterial strains were picked based on their following phenotypic and 

genotypic characteristics (Table 3).  
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Table 3. Selection attributes for QC strains in ATCC Standards (taken from Application Notes No. 30) 
 

 

 

The number of 16S rRNA copies listed for each bacterium in each sample set were used to 

normalized species distribution as shown in Table 4 and was used for the relative 

abundance distribution analysis. 

 

Table 4. ATCC Standards: Normalized distributions of QC strains per sample set 
 

 Organism name (Genus 

species) 

MSA-1000 

(Even 10) 

MSA-1001 

(Stagger 10) 

MSA-1002 

(Even 20) 

MSA-1003 

(Stagger 20) 

1 Bacillus cereus 22.95% 17.34% 14.80% 6.46% 

2 Bifidobacterium adolescentis 3.69% 0.02% 2.38% 0.01% 

3 Clostridium beijerinckii 32.06% 2.43% 20.67% 9.03% 

4 Deinococcus radiodurans 8.13% 0.05% 5.24% 0.03% 

5 Enterococcus faecalis 4.74% 0.03% 3.06% 0.01% 
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6 Escherichia coli 11.46% 8.66% 7.39% 32.28% 

7 Lactobacillus gasseri 4.00% 0.30% 2.58% 0.11% 

8 Rhodobacter sphaeroides 4.87% 36.79% 3.14% 13.72% 

9 Staphylococcus epidermidis 4.52% 34.10% 2.91% 12.72% 

10 Streptococcus mutans 3.58% 0.27% 2.31% 10.09% 

11 Acinetobacter baumannii   5.92% 0.26% 

12 Actinomyces odontolyticus   1.09% 0.01% 

13 Bacteroides vulgatus   8.22% 0.04% 

14 Helicobacter pylori   0.76% 0.03% 

15 Propionibacterium acnes   2.07% 0.09% 

16 Neisseria meningitidis   2.14% 9.34% 

17 Porphyromonas gingivalis   2.33% 0.10% 

18 Pseudomonas aeruginosa   5.70% 2.49% 

19 Staphylococcus aureus   3.85% 1.68% 

20 Streptococcus agalactiae   3.44% 1.50% 

 

For checking consistency of programs with respect to the sequence data, we 

sequence duplicate samples of the main ATCC Standards dataset containing four QC data 

samples (listed in  

Table 1) and each of these eight sample sets was tagged with a unique barcode 

primer in order to be able to analyze them separately (listed in the Table 5 and 6) as well 

as with the whole dataset.  
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Table 5. ATCC Standards Mock Community Metadata 
 

Titanium Tag & Primer 
Sequence 

Primer 
Name 

Sample 
Name 

Project File 
Unique 
Sample ID 

Unique Project 
ID 

CTCGTACGAGAGTT
TGATCMTGGCTCAG 

BactFT_A5 ATCC_01 PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_A5 

MSA_1000_PG
M052_A5 

TGTGACACAGAGTT
TGATCMTGGCTCAG BactFT_B5 ATCC_02 

PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_B5 

MSA_1001_PG
M052_B5 

CGTAGCGCAGAGTT
TGATCMTGGCTCAG BactFT_C5 ATCC_03 

PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_C5 

MSA_1002_PG
M052_C5 

TGATACATAGAGTT
TGATCMTGGCTCAG 

BactFT_D5 ATCC_04 PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_D5 

MSA_1003_PG
M052_D5 

CTACGTCTAGAGTT
TGATCMTGGCTCAG 

BactFT_E5 ATCC_01 PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_E5 

MSA_1000_PG
M052_E5 

CATGACGTAGAGTT
TGATCMTGGCTCAG BactFT_F5 ATCC_02 

PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_F5 

MSA_1001_PG
M052_F5 

TACATAGCAGAGTT
TGATCMTGGCTCAG 

BactFT_G5 ATCC_03 
PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_G5 

MSA_1002_PG
M052_G5 

CTGTAGTGAGAGTT
TGATCMTGGCTCAG 

BactFT_H5 ATCC_04 PGM052_ATCC
_Standards 

PGM052_Ba
ctFT_H5 

MSA_1003_PG
M052_H5 

 

Here, PGM052 stands for the project run number of the Ion Torrent Personal Genome 

Machine (PGM) system used for NGS sequencing purpose. 

 

Table 6. ATCC Standards Mock community sample sets 
 

ATCC Standards sample sets Bacterial Distribution Total number of sequences 

PGM052_BactFT_A5 10, Even ratio 11,059 

PGM052_BactFT_B5 10, Stagger ratio 11,053 

PGM052_BactFT_C5 20, Even ratio 11,354 

PGM052_BactFT_D5 20, Stagger ratio 13,265 

PGM052_BactFT_E5 10, Even ratio 8,459 

PGM052_BactFT_F5 10, Stagger ratio 9,355 

PGM052_BactFT_G5 20, Even ratio 7,179 

PGM052_BactFT_H5 20, Stagger ratio 9,145 
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Natural Community Data 

The natural community data used in this research are seven datasets, given below 

with project name, experiment / PGM (Ion Torrent) run number, number of samples and 

microbial sequences, followed by the brief details on each dataset. 

 

Table 7. Natural community datasets 
 
Datasets Experiment / PGM 

run number 

Number of 

samples 

Total number of 

sequences 

PURI set1 PGM062 78 1,335,410 

PURI set2 PGM069 112 2,602,669 

PURI set3 (set2_82) PGM073 1 54,431 

PURI set3 PGM073 70 2,519,104 

NACSELD project  MTPS131 181 4,470,989 

NACSELD subset PGM061 set 5 4 9,089 

EVPP643 project  PGM077 12 455,584 

Bajaj 7 datasets Skin Microbiome 483 9,147,533 

 

PURI datasets (set 1, 2 and 3) were obtained from Dr. Puneet Puri’s lab at Virginia 

Commonwealth University. The PURI set 1 contains total 78 samples of mice that had 

surgically shortened bowel (short bowel). PURI set 2 contains total 112 samples of mice 

that had surgically shortened bowel and then were fed TPN (short bowel + TPN). Total 
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Parenteral Nutrition (TPN) is a method of feeding that bypasses the gastrointestinal tract, 

in which fluids are given into a vein to provide most of the nutrients the body needs. And 

PURI set 3 contains total 71 mouse gut and fecal samples from three projects listed below.  

 

1. Project 3A: NASH + Hypoxia (5 groups, and each group with 5 mice)  
Non-Alcoholic Steatohepatitis (NASH) 
Hypoxia (lack of oxygen) 

 
2. Project 3B: BDL project (3 groups with 7, 7 and 8 mice) 

Bile duct ligation (BDL) prevents excretion of bile acids 
 

3. Project 3C: ALD with CRAMP KO (4 groups with 6, 4, 6 and 6 mice) 
Alcoholic liver disease (ALD) 
Cathelin-Related Antimicrobial Peptide (CRAMP) 
 

A microbiome dataset from the North American Consortium for the Study of End-

Stage Liver Disease's Acute-on-Chronic Liver Failure (NACSELD-ACLF) project for 

Multi-tagged Pyrosequencing (MTPS) experiment was obtained from Dr. Jasmohan Singh 

Bajaj’s lab at Virginia Commonwealth University. This dataset (MTPS131) contains total 

181 Controls Stool samples for NACSELD project and the specifically chosen subset 

(PGM061 set5) contains 4 Cirrhotic stool samples from Toronto, Ontario, Canada. In this 

project, samples either have infections or no infections. Infections are the major cause for 

significant morbidity and mortality in patients with cirrhosis. They readily lead to acute 

decompensation of underlying chronic liver disease (ACLF) with subsequent multi-organ 

failure and death. Such clinical events lead to significant, and often futile, use of health 

care resources. While prophylactic strategies to decrease infection rate and mortality have 

been in place for a variety of situations such as in those with variceal hemorrhage and in 
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patients who had a bout of spontaneous bacterial peritonitis, there appears to still ongoing 

high rate of infections in those with cirrhosis. Apart from initial infections, nosocomial 

infections are not uncommon. This project collected samples from UCSF, Baylor U, U 

Alberta, Mayo Clinic. U of Toronto, U of Penn, and VCU (Bajaj 2019). 

Another dataset received from Dr. Jasmohan Singh Bajaj’s lab at Virginia 

Commonwealth University was skin microbiomes of patients with Cirrhosis. There were 7 

datasets from multiple projects combining total 483 samples. Each subject was sampled a 

number of different specific site (Bajaj 2019). 

A microbiome dataset from Environmental Science and Policy (EVPP) class 

project was provided by Dr. Kathleen Morrow’s lab at George Mason University. It 

contains total 12 soil and sediment samples for GMU campus.  
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Computational Tools 

Some authoritative, cutting-edge bioinformatics computational tools that are used 

for microbiome sequence data analysis are listed below. Some of these tools are not 

available for Windows, therefore all of them were installed on Mac and Linux machines 

and tested prior to the main analysis. A few analyses that were computationally intensive 

are processed on the linux server (HP Z620, 24 cores, 64 GB RAM) at the MBAC. 

However, in order to keep it consistent for the comparative analysis of different methods 

to be used in this research, most methods were ran on the same machine, a MacBook Pro 

(2.6 GHz, i7 quad core, multi-thread processor, 8 GB DDR3 RAM).  

 

QIIME 

Quantitative Insights Into Microbial Ecology (QIIME) is an open-source project, 

developed primarily at the Knight and Caporaso labs and is under active development since 

its release in 2010 (Knight 2012). It provides a bioinformatics pipeline for performing 

microbiome analysis from raw DNA sequencing data which includes demultiplexing, 

quality filtering, OTU picking, taxonomic assignment, phylogenetic reconstruction, 

diversity analyses, and visualizations. Users can input their raw sequencing data generated 

on the Illumina or other NGS platforms and produce publication quality graphics and 

statistics. QIIME (Caporaso 2010) version 1 (releases from v_0.92 32 bit through v_1.9.1 

64 bit) is available for Mac and Linux as native installations and for Windows using Virtual 

Box. QIIME 1 package combines a list of python scripts to run all the tools aforementioned 

in the bioinformatics pipeline.  
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Figure 2. QIIME 1 workflow 

 

The OTU picking step in this QIIME pipeline is based on the clustering strategies, 

with three high-level protocols provided for this i.e. de novo, closed-reference and open-

reference OTU picking. It produces clusters based on a user-defined sequence identity 

threshold (default is 97%). Each cluster is an operational taxonomic unit (OTU) assigned 

to the group of identical sequences, out of which one sequence is a representative of that 

OTU.  In QIIME 1 program, de novo OTU pickers are uclust, cd-hit, swarm and sumaclust, 

while mothur is a closed-reference picker and open-reference OTU pickers are blast, 

sortmerna, uclust_ref, usearch_ref and usearch61_ref.  

QIIME 1 does not actually implement OTU picking algorithms, but rather wraps 

external OTU clustering tools. There are a number of clustering methods based on a user-

defined similarity threshold (default is 0.97, roughly corresponding to species-level OTUs) 

available in QIIME 1 program suite, including open source tools (e.g., SortMeRNA, 
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SUMACLUST, CD-HIT, Mothur and Swarm) and closed source tools (e.g., UCLUST and 

USEARCH). QIIME 1 clustering methods used in my research on comparative analysis 

are UCLUST, Mothur, CD-HIT and Swarm. Given below is a brief description of these 

clustering tools in their individual stand-alone programs. However, in my research I have 

used only their clustering algorithms provided in QIIME. 

Please note that in QIIME 1 program, only usearch61, sortmerna, sumaclust and 

swarm clustering methods utilize the multi-threading functionality (denoted as --threads 

option), i.e. number of threads (1 thread per core) that are used for the given method. 

 

UCLUST 

UCLUST is the default OTU clustering tool used in QIIME 1. It was developed by 

Robert Edger in 2010 as a part of USEARCH program which was them implemented in 

QIIME 1 program. This is a heuristic greedy algorithm for centroid-based clustering 

method which generates OTUs based on percent sequence identity and the order of the 

input sequences is important. Here, cluster centroid is a representative sequence of an OTU 

(a group of identical sequences with default 97% similarity) and it requires the input 

sequences to be sorted prior to clustering.  

In QIIME 1 program, it is simplified to be able to run UCLUST algorithm with a 

single command by choosing it from methods for OTU picking. Whereas for more specific 

usage there are two commands in USEARCH program based on UCLUST algorithm, 

‘cluster_smallmem’ command i.e. designed to minimize memory usage in which it is the 

user's responsibility to sort the input sequences in an appropriate order before running 
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cluster_smallmem, and ‘cluster_fast’ command that clusters fast as the name suggests and 

this assumes that input sequences are sorted in an order such that an appropriate centroid 

sequence is found before other members of its cluster. In this case, two most common sort 

orders are ‘decreasing length’ and ‘decreasing abundance’.  

 

Mothur 

Mothur project, initiated by Dr. Patrick Schloss and his software development team 

in the Department of Microbiology & Immunology at The University of Michigan in 2009, 

is an open source, incorporated with many algorithms having fast and flexible 

functionalities and other features including calculators and visualization tools. It provides 

sequence processing and analysis pipeline with a list of commands to carry out OTU-based 

approaches and hypothesis testing approaches. Although my research includes only the 

usage of Mothur’s clustering algorithm from its OTU-based approaches which is also 

available in QIIME 1 package.  

In QIIME, Mothur requires an input file of aligned sequences. The input sequences 

may be aligned by running align_seqs.py command. The default algorithm for the Mothur 

method in QIIME 1 is furthest-neighbor (complete linkage), but it also may be specified as 

nearest-neighbor (single linkage) or average-neighbor (average linkage). In my research, I 

have kept the defaults as it is. The main drawback here is that the running times of Mothur’s 

clustering algorithms scale with the number of sequences squared i.e. O(n2) cost for both 

computational and space complexities, so the program was not feasible for large datasets, 
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and since Mothur does not utilize multithreading functionality, running it on a single core 

processor for even mid-sized datasets with over 80 thousand sequences was impractical. 

 

CD-HIT 

CD-HIT is a fast program for clustering and comparing large sets of protein or 

nucleotide sequences, originally developed by Dr. Weizhong Li at Dr. Adam Godzik's Lab 

in 2006 at the Burnham Institute (now Sanford-Burnham Medical Research Institute) and 

then accelerated for clustering the next generation sequencing data in 2012. It is an open 

source, initially available for download at Google Code (2010) and now moved to GitHub 

(2015). There is also a complete CD-HIT Suite (2009) available as a web server for 

clustering and comparing biological sequences. However, in this research I used only CD-

HIT clustering algorithm, implemented in QIIME 1, which provides a general, flexible and 

powerful method for clustering 16S rRNA tags into OTUs (454, Ion Torrent and Illumina 

reads).  CD-HIT in QIIME 1 program applies a “longest-sequence-first list removal 

algorithm” to cluster sequences. It is a greedy heuristic clustering method that processes 

input sequences one at a time, avoiding the expensive step of comparing all pairs of 

sequences. Being ‘de novo’ clustering it does not need a reference database. The alignment 

method it uses is Pairwise Sequence Alignment (PSA). It also does not generate a distance 

matrix.   
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Swarm 

Swarm is a robust and fast clustering method for amplicon-based studies, originally 

developed by Frédéric Mahé in 2014 and upgraded it to version 2 with highly-scalable and 

high-resolution amplicon clustering algorithm in 2015. Two main drawbacks of the 

common de novo clustering methods are that they use random global clustering thresholds 

and they depend on the order of the input sequences. Swarm overcomes these drawbacks 

by iteratively clustering nearly identical sequences using a local threshold instead and then 

using sequence abundance in each cluster for refining final output results. This enables 

Swarm to be quickly accessible irrespective of the order of the input sequences, producing 

better OTUs without any impact of clustering parameters. The results only depend on the 

local threshold (d) equivalent to the distance (a number of differences) between two 

sequences. In QIIME 1 program, swarm creates alignment seeds of sequences which 

generate clusters based on above resolution threshold (denoted as --swarm_resolution 

option), i.e. the maximum number of differences allowed between two amplicons to be 

grouped together (default = 1). In my research, I have used all default parameter values.  
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QIIME 2 

QIIME 2 is a next-generation microbiome bioinformatics platform, which 

succeeded QIIME 1 on January 1, 2018. It features state-of-the-art denoising, clustering 

and taxonomic classification methods for microbiome analysis, within a redesigned 

developer-friendly architecture of plugins for QIIME tools, along with different types of 

interfaces for convenient user interactions, a provenance system for tracking user data, and 

new interactive visualizations.  

 

 

Figure 3. QIIME 2 workflow 
 

Like QIIME 1, QIIME 2 is also free, extensible and more powerful as a complete 

software package for microbiome analysis which allows researchers as well as naïve users 

to analyze raw DNA sequence data and produce results, figures and statistical reports of 
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publishable quality. But unlike QIIME 1, QIIME 2 is a decentralized, community 

developed open source, with the design heavily influenced by interactions with the users 

at workshops and on the QIIME 1 and QIIME 2 forums. QIIME2 would address the 

limitations of QIIME 1, while retaining the features that make QIIME 1 a powerful and 

widely-used analysis pipeline. Like QIIME 1, QIIME 2 could also be installed natively on 

Mac and Linux, or using virtual machines on Window, Mac and Linux.  QIIME 1 

developers are no longer making updates to the code (for example, bug fixes, new features, 

documentation, etc.), nor providing new QIIME 1 releases. They also no longer provide 

official support on the QIIME 1 Forum. Their development and support efforts are now 

focused entirely on QIIME 2.  

 

DADA2 

Divisive Amplicon Denoising Algorithm (DADA) was first introduced in 2012 and 

was more accurate and over an order of magnitude faster than the most accurate denoising 

software at that time (AmpliconNoise). The latter was available as a tool in QIIME’s first 

version and also written in R, which implements a quality-aware model of Illumina 

amplicon errors, is reference-free, and it is applicable to any genetic locus. The second 

installment of DADA called DADA2 is based on the parametric error model that is trained 

on the entire sequencing run and then applies that model to correct and collapse the 

sequence errors into what they call amplicon sequence variants or ASVs (Callahan 2016). 

Error rate model is basically a mathematical formulation based on the quality scores. Error 

correction is done using the learned error rates. Each model is batch specific, so whichever 
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NGS platform is used at a time the model will be built from that specific batch. This method 

is advantageous as it builds NGS batch-exclusive error models for each sequencing run.  

DADA2 pipeline includes filtering, dereplication, chimera identification, and merging 

paired-end reads.  

 

 

Figure 4. DADA2 pipeline 
 

DADA2 pipeline begins with quality control and then derepliction i.e. grouping filtered 

amplicon reads with the identical sequence into unique sequences with an associated 

abundance and consensus quality profile. Simultaneously on the other hand in this pipeline, 
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a parametric error model is built based on the quality scores of filtered amplicon sequences. 

Learned error rates in this model are used to correct the sequencing errors. DADA2's core 

algorithm is then run to place the all dereplicated and corrected amplicons into a single 

partition to initiate with, and ultimately produce unique sequence variants.   

 

DADA2 Strategy – 

1. It generates a Parametric Error Model that is trained on the entire sequencing run 
(retrained on each dataset) 
 

2. then applies that model to correct and collapse the sequence errors into amplicon 
sequence variants (ASVs) 
 
Advantage – it builds unique error models for each sequencing run. 

High resolutions because of  
• run specific error models (unlike jack of all n master of none) 
• actual PHRED / Q scores (qual) from FASTQ used to calculate error rate 

 

 

Figure 5. DADA2 strategy. Taken from Callahan, et al. Natural Methods, 2016. 
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DADA2 Error Model building steps – 

1. Perform pairwise sequence alignment 

2. Quantify Error Rate: the rate at which amplicon sequence read ‘r’ is produced from 

the sample sequence ‘s’ is reduced to the product over the transition probabilities 

between the L number of aligned nucleotides. 

 

 

Equation 1. DADA2's error rate calculation formula 

 
 

Error rate depends on  
- Substitution (𝑟(𝑖)|𝑠(𝑖), substituting nucleotide from original 

nucleotide e.g. T -> C, C -> A) 
- Quality score (e.g. 𝑞((𝑖) = 30) 
- Batch effect (e.g. 𝑍 run) 

 
3. Then use Poisson distribution to calculate the p-value of the null hypothesis that 

the number of amplicon reads (sequence abundance) is consistent with the error 

model. In other words, the abundance p-value is the probability of seeing more 

identical reads in a unique sequence that’s too abundant to be explained by errors 

in amplicon sequencing. 
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DADA2’s core iterative divisive partitioning algorithm – 

This core algorithm is an improved version of the original Divisive Amplicon 

Denoising Algorithm (DADA), with slightly simplified implementation for computational 

speed and no longer ‘indel families’ construction. It uses the abundance p-values from the 

error model as the division criteria and continues dividing sequencing reads until all 

partitions are consistent with being produced from their central sequence. It begins with a 

single partition of all unique sequences put together such that the center of this partition 

would be the most abundant sequence. All other sequences in that partition are compared 

to the center and their abundance p-values are calculated. Using a preset (user-settable) 

threshold, the unique sequence with lowest abundance p-value that falls under the threshold 

is selected as a center for the new partition, and again all unique sequences are compared 

to this new center. As the first division separated two partitions, this division procedure is 

iterated forming another partition with a new center to be compared with reshuffled unique 

sequences, and this continues until the last partition of all unique sequences with abundance 

p-values greater than the threshold. Finally, a set of all possible partitions with their central 

sequences and corresponding total abundances is inferred. 

 

Deblur 
Deblur is a greedy deconvolution algorithm for amplicon sequencing based on 

Illumina Miseq/Hiseq error profiles. Deblur is based on the upper error rate bound along 

with a constant probability of indels and the mean read error rate which aligns sequences 

together into “sub-OTUs” and removes predicted error derived reads from neighboring 
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sequences (Amir 2017). Deblur employs a sample-by-sample method which reduces both 

memory requirements and computational demand. Deblur pipeline includes per-sample 

breakdown of the given sequence dataset and then each sample is subjected to trimming, 

dereplication, filtering, multiple sequence alignment, SortMeRNA (sequences with e-value 

<= 10 are retained), and BLAST (unique sequence against nt/nr). The Deblur stand-alone 

program has two filtering options: Negative mode - removes known artifact sequences 

prior to denoising (i.e. sequences aligning to PhiX or Adapter with >=95% identity and 

coverage). Positive mode - keeps only sequences similar to a reference database (i.e. 16S 

sequences by default). In QIIME2 this is preset to positive filtering mode with >=88% 

identity and coverage from the Greengenes database.  

Deblur’s strategy is to split the sample set using sample ids and then process it 

sample by sample. Each sample-wise process includes quality control, dereplication, 

multiple sequence alignment (MSA), deblurring and chimera removal. Quality control 

involves trimming sequences to a specific user-selected length, discarding shorter reads 

and removing singletons after dereplication i.e. condensing all sequences into a set of 

unique ones based on sequence similarity. There are two options for quality filtering, 

positive filtering by comparison to a reference database (Greengenes 13_8 88% OTUs as 

default) and negative filtering of reads matching a control database (PhiX as default). This 

filtering is implemented using SortMeRNA (Kopylova 2012) and dereplication is done 

using VSEARCH (Rognes 2016). Deblur pipeline in QIIME2 uses positive filtering by 

default, whereas in Deblur's stand-alone program it has negative filtering as default. Then 

MSA is done by MAFFT (Katoh 2002) for the detection of indels (insertions and deletions) 
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and providing input to Deblur’s greedy algorithm for error-correction. Errors are sequence 

specific and depends on the general goodness of the read as well as the position of bases 

(A,T,G, C) in the read. The main deblurring steps include sequence sorting by abundance, 

subtracting predicted error-derived reads from all neighboring reads per iteration rom the 

most to least abundant sequence, and removing any valid sequence reads with frequency 

dropped to 0. These steps are shown in the gray region in the middle of the Deblur 

workflow given below. Each sample goes through these steps to produce non-chimeric 

unique sequences, which are then put together in a single output FASTA sequence file as 

well as along with the abundance of each sequence into a BIOM table file. 
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Figure 6. Deblur workflow/pipeline (Amir 2017 - supplementary information) 
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Deblur strategy and mathematical formulas - 

The final outcomes of the Deblur pipeline are FASTA file containing a set of reads 

‘𝑟-’ and BIOM file containing abundance table i.e. each read with counts ‘𝑐-’, where ‘𝑖’ is 

the number of instances ranging from 1 to ‘𝑁01234’ that is the total number of reads in the 

original sample to be deblurred. Deblurring process is initiated by first indexing all reads 

and counting instances of each read in the sample, and then followed by computing a rough 

approximation of 𝑐′, i.e. the actual count of ‘𝑟6’. Considering ‘𝑐6’ as initial count of 𝑟6 and 

using ‘𝛼’ as the mean probability of obtaining a misread, first rough approximation is 

calculated by equation given below. 

 

Equation 2. Rough approximation of c' 
 

𝑐8 ≅ 	 𝑐6
6

6;	<
   (Amir 2017) 

 

This procedure is then iterated through remaining reads. Since the average misread 

probability 𝛼 can lead to many errors in good reads, there is a need for some reasonable 

upper bound on the probability of getting a misread with exactly number of errors. Thus, 

for each pair of reads ‘𝑟=’ and ‘𝑟>’, the Hamming distance ‘𝑑=>’ (distance based on the 

number of mismatches) is used to compute the upper bound ‘𝛽(𝑑=>)’, such that for a 

threshold ‘𝑇’ (usually with 95% confidence) the upper bound on the error probability (the 

probability of obtaining a misread with exactly same number of mismatches) is lower than 
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‘𝛽B(𝑑)’. This upper bound is then applied to check if any reads have been misread. 

Considering 𝑐68  as the first rough approximation of the actual counts of 𝑟6, and ‘𝛽(𝑑6>)’ as 

the first upper bound, if their product [𝛽(𝑑6>) ∗ 𝑐68] is lesser than 𝑐68  then there is a 

possibility that some instances of 𝑐68  were misread as the other read 𝑟>, which need to be 

adjusted to 𝑐>. Whereas [𝛽(𝑑6>) ∗ 𝑐68 ] is greater than 𝑐68  then 𝑐> is set to 0 instead. 

 

 
Equation 3. Strong upper bound 
 

𝑐> ← [1 − 	𝛽(𝑑6>)]𝑐′6  (Amir 2017) 

 

This procedure is then repeated for the next read 𝑟I and continued so on until the last read 

in the set. The pseudocode for the implementation of this Deblur strategy and mathematical 

computations provided in ‘Deblur Rapidly Resolves Single-Nucleotide Community 

Sequence Patterns’ (Amir 2017 - supplementary information) is given below. 
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Figure 7. Deblur Algorithm pseudocode (Amir 2017 - supplementary information) 
 

Deblur’s greedy algorithm is implemented to predict and correct errors in each read 

to ultimately produce all unique and non-chimeric sequence variants per sample (subOTUs 

as defined in Deblur) that are then combined in the FASTA sequence file and BIOM table.  

 

VSEARCH 
Vectorized Search (VSEARCH) is based on parallelism in the form of Single 

Instruction Multiple Data (SIMD) vectorization and multithreading for high speed and 

accurate alignments using optimal global aligner (full dynamic programming Needleman-

Wunsch). Its current version does not support amino acid sequences or local alignments. It 
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is a 64-bit open source (free tool) handling more than 4GB memory, is as accurate or more 

accurate and as fast or faster than USEARCH and hence it is an alternative to USEARCH. 

VSEARCH pipeline includes all-vs-all pairwise global alignment, (also supports exact and 

global alignment searching, shuffling, subsampling and sorting), full-length and prefix 

dereplication, (rereplication, reverse complementation, masking, etc.), and then de novo 

and reference-based chimera detection, and clustering.  

 

 

Figure 8. VSEARCH pipeline 
 

VSEARCH uses a greedy, heuristic centroid-based algorithm from USEARCH v7 

to perform de novo clustering with an adjustable sequence similarity threshold specified 

with the id option (e.g., 0.97).  
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USEARCH 

USEARCH is a very fast and unique sequence analysis tool-suit, developed by 

Robert C. Edgar in 2010. It provides high-throughput search and clustering algorithms that 

are often orders of magnitude faster than BLAST and many different algorithms packaged 

with outstanding documentation and support. USEARCH algorithm searches a database 

for high-identity hits to one or more database sequences ("targets"). Unlike other programs 

that use counting of k-mers (words with a fixed length k) to estimate sequence identity 

from the number of matching k-mers, USEARCH uses unique word count (U) to prioritize 

the database search. These U words are indexed in the database and target sequences to be 

compared to the database query are sorted in the descending order of U. This helps in 

promptly generating query-based U-sorted list of targets (known as the "U vector").  
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Figure 9. UPARSE-OTU / denoising analysis pipeline 
 

USEARCH offers an OTU / denoising analysis pipeline with a separate step for 

OTU clustering and denoising. The clustering and denoising methods used in this research 

are UPARSE and UNOISE respectively. 

 

UPARSE 

UPARSE is a clustering method for generating clusters (OTUs) from next-

generation sequencing reads of marker genes such as 16S rRNA, the fungal ITS region and 

the COI gene. It uses UPARSE-OTU algorithm to construct a set of OTU representative 

sequences from NGS amplicon reads. This algorithm is implemented in the cluster_otus 
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command of usearch program. It produces a subset of the correct biological sequences in 

your reads such that no two sequences are >97% identical to each other.  

The UPARSE specific OTU analysis pipeline includes preprocessing (overlap 

paired reads, strip barcodes, quality filtering and global trimming), clustering and then 

post-processing (map reads to OTUs and construct an OTU table). Clustering criteria 

involved: (a) All pairs of OTU sequences should have <97% pair-wise sequence identity. 

(b) An OTU sequence should be the most abundant within a 97% neighborhood. (c) 

Chimeric sequences should be discarded. (d) All non-chimeric input sequences should 

match at least one OTU with ≥ 97% identity. 

 

UNOISE 

UNOISE is a denoising method in this pipeline which uses UNOISE3 algorithm to 

perform error-correction (denoising) on amplicon reads. UNOISE, the original algorithm, 

developed by Edgar & Flyvbjerg (2015), then improved to UNOISE2 and validated by 

Edgar (2016), is now implemented in UNOISE3 (2017) with a change in parameters for 

chimera detection to reduce the number of false positives. In USEARCH program the 

unoise3 and uchime3_denovo commands are based on UNOISE3 algorithm, which 

produces all the correct biological sequences in the reads, i.e. unique denoised sequences, 

each of which was generated by merging sequences at 100% identity threshold and hence 

it is called a zero-radius OTU or “ZOTU”.  

UNOISE3 is based on two parameters with pre-set values that were curated by its 

author to generate “zero-radius OTUs”, rather than depending on quality scores (Edgar 
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2016). The advantage of this strategy is that it saves on the computational time required to 

analyze the sequences in the provided study. The algorithm is mainly designed for Illumina 

reads, and hence it may not work as well on 454, Ion Torrent or PacBio reads. Error-

correction steps – (1) Reads with sequencing and PCR point error are identified and 

removed (2) Chimeras are removed. Abundances are calculated after denoising by 

generating an zOTU table. 
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Reference Sequence Databases 

The reference genomic sequence database (also known as a reference genome 

assembly) is a digital nucleic acid sequence database, assembled by scientists as a 

representative example of a species' set of genes. There are many such databases available, 

including popular ones namely, GenBank, RefSeq, etc. However, there are not many 

microbial genome reference databases. Currently, sequencing the ribosomal RNA (rRNA) 

genes is the method of choice for phylogenetic reconstruction and nucleic acid-based 

detection and quantification of microbial diversity. Thus, for the taxonomic classification 

and identification of the microbial strains, their 16S rRNA gene is being used as the 

standard. Although NCBI’s GenBank and RefSeq databases contain the type strains of 16S 

rRNA gene sequences for most bacteria and archaea, their quality and taxonomy is often 

not validated. Thus, very specific databases collecting only 16S rRNA sequences are 

widely used. Greengenes, SLIVA and RDP being some of the popular ones and frequently 

used are described below in brief. Since microbiome analysis is the main focus of this 

research, I have also compared these three databases with each other.  

 

Greengenes  

Greengenes (GG) is 16S rRNA Gene Database and tools system that provides 

chimera-controlled sequences focused on Bacterial and Archaeal taxonomies and 

compatible with ARB (Ludwig 2004) program for phylogenetic analysis of rRNA. These 

16S rRNA sequences subjected to quality filtering are obtained from external sources such 

as the National Center for Biotechnology Information (NCBI) and automatically assigned 
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inner nodes i.e. taxonomic ranks from NCBI supplemented with previous version of 

Greengenes taxonomy and CyanoDB (Komárek 2013). GG offers sequence alignment by 

characters and secondary structure, then phylogenetic tree construction with FastTree 

(Price 2009), and classification based on automatic de novo tree construction and mapping 

by automatically assigned inner nodes.  

The Greengenes Database was first developed and published in 2006 by T. Z. 

DeSantis, et al. from the Center for Environmental Biotechnology at Lawrence Berkeley 

National Laboratory. It offered chimera screening, standard alignment, and taxonomic 

classification using multiple published taxonomies. It was mainly dedicated to finding 

putative chimera (i.e. the incongruent taxonomic nomenclature among curators even at the 

phylum level) which were identified in 3% of environmental sequences and in 0.2% of 

records derived from isolates. Environmental sequences were classified into 100 phylum-

level lineages in the Archaea and Bacteria.  

The Greengenes web application initially hosted by Lawrence Berkeley National 

Laboratory (http://greengenes.lbl.gov) has been providing access to the comprehensive 

chimera checked 16S rDNA prokaryotic multiple sequence alignment (prokMSA) for 

browsing, blasting, probing, and downloading. It presented GG data and tools to assist the 

researcher in choosing phylogenetically specific probes, interpreting microarray results, 

and aligning or annotating novel sequences. It also provided workbench compatibility for 

ARB Project (program for phylogenetic tree analysis) users. All publicly available 16S 

rRNA gene sequences of substantial length (>1250 nucleotides) were included in 

prokMSA database, and this data was screened for chimera removal using Bellerophon 2 
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(Bel2) developed by Thomas Huber and Phil Hugenholtz, and then aligned using the NAST 

(DeSantis et al. 2003) alignment algorithm. A suite of tools provided by the Greengenes 

web application was designed to aid the researcher maintain up to date 16S rRNA gene 

databases and phylogenetic trees, in addition to providing tools for sequence quality 

control, primer and probe design and 16S microarray analysis.  

The Greengenes Database is now provided by The Greengenes Database 

Consortium and hosted by Second Genome, Inc. (http://greengenes.secondgenome.com/) 

website. The Greengenes Database files available for download are from August 2012 and 

most recently May 2013. It has not been updated for the past five years. Thus, for the 

comparison purposes in this research, I used the bacterial taxonomy and OTUs annotation 

associated with 16S small-subunit rRNA genes from Greengens database files released in 

May and August 2013 (gg_13_5_taxonomy and gg_13_8_otus, respectively). 

 

SILVA 

SILVA is a centralized online resource that contains up to date, quality-controlled 

databases of aligned ribosomal RNA sequences (rRNAs) from the Bacteria, Archaea and 

Eukarya domains available from the European Molecular Biology Laboratory (EMBL). 

SILVA is based on the phylogenies for 16S rRNAs (for prokaryotes) and 18S rRNAs (for 

Eukarya) and taxonomic rank assignments in the SILVA databases are manually curated. 

Prokaryotic taxonomy is based on the taxonomic ranking for Archaea and Bacteria 

obtained from Bergey’s Taxonomic Outlines and List of Prokaryotic Names with Standing 
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in Nomenclature (LPSN). Whereas eukaryotic taxonomy is based on the consensus views 

of the International Society of Protistologists.  

SILVA (name taken from latin word ‘silva’, meaning ‘forest’) project was 

implemented to provide a high quality and comprehensive rRNA databases that are 

developed and maintained since 2007 by the Microbial Genomics and Bioinformatics 

Research Group in Bremen, Germany, in cooperation with the company Ribocon GmbH. 

The quality check for rRNA sequences includes anomalies removal, sequence associated 

contextual information check, sequence associated contextual information, multiple 

taxonomic classifications, and nomenclature validity check. SILVA website offers two 

precompiled sequence datasets, Parc and Ref, which are full compatibility to the software 

package ARB and the latest official alignments released by the ARB project (an open 

source package for phylogenetic analysis of rRNA and other biological sequences). Parc 

datasets comprise all publicly available rRNA sequences longer than 300 nucleotides 

suitable for biodiversity analyses, and the reference (Ref) datasets are encompassing only 

high quality, almost full-length sequences suitable for in-depth phylogenetic analysis and 

probe design.  

The first public release of SILVA datasets version 89 was made available in 

February 2007 which held about 490,549 small subunits (SSU, 16S/18S) and 116,307 large 

subunits (LSU, 23S/28S) sequences. Most recent version released by December 2017 was 

SILVA 132 with increased numbers of available SSU and LSU sequences to more than 

6,073,181 and 907,382 respectively. SILVA databases provide these preconfigured subsets 

of only high quality, full-length sequences as ARB & FASTA files (SSU/LSU Ref) that 
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are compatible to many common computational phylogenetics programs like Phylip or 

Paup via direct Fasta export or the ARB program. SILVA project also offers substantial 

support related to all aspects of data sets, sequence analysis and probe/primer design via 

Ribocon GmbH. They have developed a new dynamic SILVA incremental profile 

sequence aligner (SINA) to handle the huge amount of sequence information and minimize 

the workload for manual curation. SINA is also available online for small scale projects to 

accurately align hundred thousands of sequences based on a curated SEED alignment. For 

the taxonomic comparison purposes in this research I used the 16S SSU portion of the latest 

SILVA 132 full release. 

 

Ribosomal Database Project 

The Ribosomal Database Project (RDP) is one of the first curated databases for 

ribosome data along with related programs and services, developed to offer 

phylogenetically ordered alignments of rRNA sequences, derived phylogenetic trees, 

rRNA secondary structure diagrams and various software packages for handling, analyzing 

and displaying alignments and trees. RDP contains 16S rRNA sequences from Bacteria, 

Archaea and Fungi domains that were retrieved from the International Nucleotide 

Sequence Database Collaboration (INSDC) databases. RDP’s nomenclatures are based of 

the Prokaryotic Nomenclature Up-to-date from DSMZ (the German Resource Centre for 

Biological Material), and like SILVA, RDP’s taxonomic classification for Bacteria and 

Archaea is obtained from Bergey’s Trust and LPSN, whereas fungi taxonomy is from a 

hand-made classification.  
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The first version of RDP was released in 1992 by Carl R. Woese and Gary J. Olsen 

at University of Illinois at Urbana-Champaign (UIUC), which held only 471 Prokaryotic 

and 165 Eukaryotic SSU and 72 LSU sequences. RDP is officially supported by the Center 

for Microbial Ecology at MSU since December 1997, with DBMS migration and 

collaboration between MSU and UIUC. And the first official version of RDP-II website 

was announced in 1998, with total 32089 SSU (6205 Prokaryotic, 2055 Eukaryotic, 1503 

Mitochondrial and 22326 Unaligned) and 1472 LSU (72 All and 1400 Unaligned) 

sequences. Initially, all the data were available via FTP and certain analytic services were 

provided by the electronic mail server. But now everything is accessible via RDP-II 

website (http://rdp.cme.msu.edu/). 

In May 2001, their focus was moved from both SSU and LSU to only SSU, with 

the concentration only on the Prokaryotic sequences that were more than 100,000 by then. 

New alignment and monthly updates began September 2001, and Fungal 28S data with 

over 62,860 sequences were added in 2013. RDP Release 11 update 1 (RDP 11.1) consisted 

of 2,809,406 aligned and annotated 16S rRNA sequences and 62,860 Fungal 28S rRNA 

sequences. The alignment model was updated to training set No. 14, hand-curated Warcup 

Fungal ITS training set and their monthly updates begun in May 2015. And now the most 

recent version, RDP 11.5 released in September 2016 contains 3,356,809 16S and 125,525 

Fungal 28S rRNA SSU sequences. 

The current RDP release 11 (RDP-11) provides quality-controlled, aligned and 

annotated Bacterial and Archaeal 16S rRNA sequences, and Fungal 28S rRNA sequences, 

along with a suite of analysis tools to the scientific community. RDP-11 offers Aligner (an 
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alignment tool) with optimized the parameters for the secondary-structure based Infernal 

aligners (new Fungal 28S Aligner and updated Bacterial and Archaeal 16S Aligner) to 

provide improved handling for partial sequences. Some of the popular RDP-11 tools are 

RDP Classifier (Naïve Bayesian Classifier tool for fast taxonomic assignment of rRNA 

sequences), Tree Builder (a tool for building phylogenetic tree from sequences), 

RDPipeline (pipeline tools for high-throughput amplicon analysis) and FunGene (pipeline 

tools for the functional gene and repository). Most of the RDP tools are now available as 

open source packages for users to incorporate in their local workflow. For the comparison 

purposes in this research, I used the bacterial taxonomy associated with 16S rRNA SSU 

sequences from RDP 11.5 database released on September 30, 2016. 
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Online Database Searching and Sequence Analysis Tools 

Like the computational tools mentioned above, there are some popular online tools 

available for searching reference sequence database and performing sequence analysis. 

These online tools are provided via web service and allows users to process their sequence 

datasets on the remote servers so that, unlike the offline computational tools which have to 

be installed natively on our own computers or local servers, the online tools save 

computational cost, time, and storage space required for analyses. In my research, I used 

three popular online tools namely, BLASTN, RDP-11 and One Codex. BLASTN is a 

nucleotide sequence analysis option of the most commonly used NCBI’s BLAST service. 

Both BLASTN and RDP-11 are completely free for access, whereas One Codex provides 

a limited access and requires a license to be purchased for full access. These tools are 

described below. 

 

BLASTN 

Basic Local Alignment Search Tool (BLAST) provided by the National Center for 

Biotechnology Information (NCBI) is used for finding regions of similarity between 

biological sequences. BLAST on the NCBI’s website (https://blast.ncbi.nlm.nih.gov) 

offers four web BLAST options, namely, Nucleotide BLAST (BLASTN) for searching 

nucleotide databases using a nucleotide query, Protein BLAST (BLASTP) for searching 

protein databases using a protein query, Translated BLAST (BLASTX) for searching 

protein databases using a translated nucleotide query and TBLASTN for searching 

translated nucleotide databases using a protein query. Besides these online BLAST web 
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tools, this NCBI’s website also provides three choices for running BLAST offline. First, a 

standalone program which can be downloaded and natively installed on computer, in order 

to execute the BLAST database search from commandline. Second, using BLAST API, for 

calling BLAST directly from the computer applications. And third, using BLAST in the 

cloud to start an instance at a cloud provider. In this research, I used Galaxy instance on 

the Metabiome Portal at George Mason University. 

The Bacterial Parallel BLASTN tool on Galaxy portal has been used in this research 

for searching one of the three in house custom databases, a full NT Genbank Nucleotide 

database, a specific Genbank 16S Microbial database and a limited 16S GreenGenes 

Bacterial database (not updated since 2014). Parallel BLASTN means performing 

BLASTN on multiple processors in parallel such that the main task is divided into multiple 

runs/jobs making use of the multicores and multithreading functionality of the computer in 

order to speed up the processing and save time. This processing time also depends on the 

size of the reference database being used for searching. On Galaxy portal, for 1000 

sequences (for example) the Bacterial Parallel BLASTN tool takes 15.5 hours for searching 

NT Genbank database, 120 minutes for searching Green Genes database and 2.5 minutes 

for searching Genbank 16S Microbial database. Therefore, in this research, I searched 

Genbank 16S Microbial database using ATCC Standards mock community data, so that I 

neither miss out any annotations by GreenGenes and nor spend too long for searching full 

NT Genbank database, since the focus of my research is bacterial 16S microbiome data. 

The abundance cutoff used for parsing bacterial database is 0.1 percent. 
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One Codex 

One Codex is an excellent online sequence data analysis and cloud-based databse 

searching program for accurate microbial identification with the help of some advanced 

bioinformatics tools. It has an indigenous system for metagenomic classification, driven 

by a database containing about 40,000 whole genomes. It offers an easy to use web portal 

with an intuitive interface that lets you manage your databank, analyze your samples, and 

share the results with colleagues and collaborators. One Codex has partnered with ATCC 

to provide sequencing and easy-to-use kits i.e. ATCC Microbiome Standards. These 

standards could be used to generate next-generation sequencing (NGS) data in the form of 

16S amplicon sequencing data or whole genome sequencing (WGS) data, which can then 

be analyzed using One Codex. This One Codex analysis with Microbiome Standards would 

then provide straightforward measures of the performance and accuracy of the microbiome 

sequencing. One Codex offers a Bioinformatics workflow (shown below). 
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Figure 10. One Codex - Bioinformatics workflow 
 

Here, One Codex DB is for analyzing metagenomic microbial data against the 

largest searchable reference of complete microbial genomes, whereas Target Loci DB is 

for analyzing "barcode" marker genes, such as 16S, ITS, etc. on the One Codex platform. 

True Positive Score is the percentage of organisms present in the control i.e. the percentage 

of true positives out of total positives expected. Relative Abundance Score is the Pearson 

correlation coefficient between the known input organism abundances and the detected 

abundances (based on genome-size adjusted read counts). And False Positive Score is 

100% less 10 percentage points for each "High" abundance false positive, 5 points for each 

"Moderate" one, and 1 point for each "Low" one. "Trace" false positives do not count 

against the score, and the minimum possible score is 0%. 

ATCC Microbiome Reference Standards are mock microbial communities for use 

as controls i.e. for optimizing your metagenomics workflows and microbiome research. 
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Currently, 6 ATCC Microbiome Standards are available which include analysis on One 

Codex and they are as follows.  

1. ATCC MSA-1000™ (10 Strain Even Mix Genomic Material i.e. a mixture of 

nucleic acids isolated from ten ATCC Genuine Cultures® and prepared with even 

relative abundance ratios) 

2. ATCC MSA-1001™ (10 Strain Staggered Mix Genomic Material, i.e. a mixture of 

nucleic acids isolated from ten ATCC Genuine Cultures® and prepared with 

staggered relative abundance ratios) 

3. ATCC MSA-1002™ (20 Strain Even Mix Genomic Material i.e. a mixture of 

nucleic acids isolated from twenty ATCC Genuine Cultures® and prepared with 

even relative abundance ratios) 

4. ATCC MSA-1003™ (20 Strain Staggered Mix Genomic Material, i.e. a mixture of 

nucleic acids isolated from twenty ATCC Genuine Cultures® and prepared with 

staggered relative abundance ratios) 

5. ATCC MSA-2002™ (20 Strain Even Mix Whole Cell Material i.e. a mixture of 

twenty ATCC Genuine Cultures® prepared with even relative abundance ratios) 

6. ATCC MSA-2003™ (10 Strain Even Mix Whole Cell Material, i.e. a mixture of 

ten ATCC Genuine Cultures® prepared with even relative abundance ratios) 

First 4 are Nucleic Acid (DNA) products and last 2 are whole cell products. In my 

research I used only Nucleic Acid (DNA) products.  
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RDP-11 

The Ribosomal Database Project (RDP) release 11 database and tools (update 5, 

2016) provides quality-controlled, aligned and annotated Bacterial, Archaeal 16S rRNA 

sequences (3,356,809 organisms), and Fungal 28S rRNA sequences (125,525 organisms) 

and a suite of analysis tools to the scientific community. It offers two pipelines, RDPipeline 

and FunGene Pipeline, both having the same data processing steps as shown below in the 

Pyro Analysis flowchart. It is Divided in three sections, initial processing for quality check, 

then core tools for either clustering or database searching (non-clustering), and finally the 

specialized tools for the post-taxonomic diversity analysis. 

 

 
Figure 11. RDP-11 tools and its Pyro Analysis flowchart 
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Initial processing of the sequences i.e. handled by the GL FLX software filters out 

the sequences not passing the FLX quality controls and trims the 454 specific portions of 

the primer sequences. After initial processing, the high-quality sequences can be assigned 

to the Aligner for sequence alignment or the RDP Classifier for taxonomic assignment or 

the RDP Seq Match tool for sequence identity searching in the RDP Database. Sequences 

can be aligned using the INFERNAL aligner (Nawrocki & Eddy, 2007), which is faster, 

has more intuitive handling of the sequencing errors, and solves some known problems 

with incorrect alignment of short partial sequences. Clustering tool allows you to make a 

cluster file based on the aligned sequence file. Hierarchical cluster analysis (or hierarchical 

clustering) is a general approach to cluster analysis, in which the object is to group together 

objects or records that are "close" to one another. A key component of the analysis is 

repeated calculation of distance measures between objects, and between clusters once 

objects begin to be grouped into clusters. The complete linkage clustering (or the farthest 

neighbor method) is a method of calculating distance between clusters in hierarchical 

cluster analysis. The diversity per sample can be estimated using Rarefaction calculations. 

A distance matrix can be created from sequence alignment using Ecological Metrics. 

Comparison between samples can be made using RDP Library Compare. And sequences 

from multiple sample sets can be consolidated into a single set of unique reads using 

Dereplicator.  

RDP Classifier is a Naïve Bayesian Classifier used for a very fast taxonomic 

classification of rRNA sequences, with a rough discrimination using bootstrap values. Each 
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bootstrap value is a Bayesian Probability which represents a percentage confidence of the 

sequence read for the specific taxonomic level. For example, if a sequence of one organism 

gives 95% or 0.95 bootstrap value for some specific taxa, then we have a good idea that 

the annotated genus is very well supported by that sequence read. However, if the bootstrap 

value is below 60% then the annotated genus gets low support which suggests that only 

some portion of the organism’s sequence supports that identification.  

 

Novel Approach using the RDP Bayesian Classifier and SINTAX 

In this research, I have proposed a novel approach primarily using RDP11 classifier 

to parse locally installed Bacterial 16S rRNA database for the classification of ATCC 

Standards mock community data using 0.1 percent abundance cutoff to filter abundance 

table, and to annotate unknown genera (selected Taxa ID) with Bayesian probability at 

80% cutoff for annotation, and Bayesian threshold at 10% discard cutoff. Therefore, for 

the sequences with 0.8 or more bootstrap value their annotated genera are well supported 

while the sequences with bootstrap between 0.8 and 0.1 will have unknown genera and the 

sequences with bootstrap value lower than 0.1 are others i.e. poorly annotated ones 

(taxonomic noise) that can be discarded. Subsequently in this novel approach, I use 

USEARCH based tool for taxonomic classification called SINTAX which uses a k-mer 

similarity to identify species level taxonomy that RDP11’s naïve Bayesian classifier cannot 

do. SINTAX algorithm does not need training like a Bayesian classifier, therefore SINTAX 

does taxonomic assignment much faster. After filtering out the taxonomic noise up to the 

genus level using RDP Bayesian classifier and then species classification using SINTAX 
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and RDP reference database, the final outcome would give a very precise taxonomic profile 

of the microbial community down to the species level. 

My research hypothesis is that this novel approach will improve taxonomic 

profiling confidence up to genus levels using RDP classifier with further species level 

precision using SINTAX. This approach can also be combined with the applications of the 

state-of-the-art denoising or clustering strategy to produce correct biological sequences 

(SVs or OTU-representatives).  

 

Rationale 

My proposed novel pipeline involves the usage of the RDP (naïve Bayesian) 

Classifier prior to the application of any denoising or clustering methods because RDP 

Classifier not only assigns taxonomy very fast but also discriminates taxa using bootstrap 

probability. The correct assumption of the bootstrap probability threshold and appropriate 

abundance cutoff can improve the confidence of taxonomic profiling and helps avoiding 

the false positives i.e. the sequences wrongly identified in clustering and denoising 

processes. This novel pipeline also involves SINTAX (classifier based on k-mer similarity) 

for the species level identification using RDP reference database without a need for training 

the classifier. 

 

Proposed Research Pipeline / Workflow 

The proposed workflow begins by trimming all 16S rRNA sequences in the 

complete dataset to 250 nt (nucleotides) in length. This length is chosen as it covers the 
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hypervariable regions V1, V2 and V3, in which V1-V2 regions are often observed as 

containing the greatest intraspecies diversity (Claesson 2010) while V2-V3 find closely 

related species and V3 specifically often distinguished the genera (Bukin 2019). The focus 

of this research is mainly on V1-V2. Then this workflow proceeds with the application of 

the latest RDP Classifier (naïve Bayesian classifier trained using most up-to-date RDP 

reference database) to the complete sequence dataset for the taxonomic assignments with 

estimated bootstrap values. Upon this RDP reference-based classification all sequences are 

grouped by genera. This genus-wise binning produces the absolute OTUs in true sense, 

unlike the clustering based OTUs which often consist sequences with 97% identity. Then 

in each bin which represents a specific genus, sequences are sorted by their bootstrap 

confidence values. If the bootstrap value of even a single sequence in each bin is greater 

than or equal to the threshold (such as 80% or 0.8 bootstrap value) then that entire bin goes 

to the next step in this workflow. This avoids disposal any singletons which in reality are 

the expected correct biological sequences which often get discarded in clustering due to 

not making into any OTU. Therefore, only those bins with all sequences with a bootstrap 

confidence below the specific threshold (such as 10% or 0.1 bootstrap value) for the genus-

level are removed. Apart from bootstrap confidence, the abundance threshold (such as 

0.1% of the total reads) is also considered for the identification of expected correct genera 

with higher abundance distribution and other correctly identified genera with lower 

abundance and/or possibly that came as a contamination during sampling. 

The criteria for correct assumption of bootstrap probability threshold and 

appropriate abundance cutoff is given below. The bootstrap probability of 0.5 or 50% is 
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sufficient for the accurate genus-level classification (Claesson 2009). However, that may 

still include many wrongly identified genera (False Positives). The bootstrap probability 

up to 0.8 shortlists the correct and expected genera more precisely. And using the 

appropriate abundance cutoff reduces the chance of low-abundance taxa (or 

contamination). For the dataset of less than a million sequences, 0.1% abundance threshold 

with 80% or 0.8 bootstrap is required, while for a more than a million sequences, abundance 

threshold must be 0.01% or greater depending on the size. This is because at least 0.1% of 

a million is 1000 sequences per taxon are expected to show confidence in the identified 

taxa. This is not a statistical cutoff but solely based on our experience with the number of 

reads in the dataset. 

Sequence reads in the genus bins with at least 80% confidence (i.e. 0.8 bootstrap 

value) are strongly supported and hence used for the next post-binning process, that is 

further taxonomic identification up to the species levels using SINTAX algorithm. 

Since the sequence reads in the genus bins with confidence between 10% and 80% 

are less supported and often designated as unknow taxa, they may be used for de novo 

(non-reference) state-of-the-art denoising or clustering. In my research, I chose UPARSE 

clustering tool in the USEARCH program since it performed best in my comparative 

analysis of denoising and clustering methods using microbiome data. 
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CHAPTER ONE – COMPARISON OF DENOISING AND CLUSTERING 
METHODS (COMPUTATIONAL TOOLS) 

In this chapter, I compared the two main methodologies used for compressing a big 

set of sequences into a small set of unique sequence representatives, which are either SVs 

inferred by denoising methods or the OTU-representative sequences picked by clustering 

methods. For this analysis purpose, I do the following comparisons: 

• Compare # OTUs vs # SVs for each dataset 

• Compare Phylogenetic trees generated by clustering VS denoising 

• Compare taxonomic assignments of OTUs and SVs against expected taxa 

• Compare relative species abundance shown by OTUs and SVs against that of 

expected species abundance 

• Compare processing time, computational cost and space taken by denoising VS 

clustering for each dataset 

 

1.1 Research Question and Hypothesis 

My research questions are given below, followed by my research hypotheses –  

Can SVs serve as good alternatives to OTUs? Can they potentially be better than OTUs? 

How accurate or better are the state-of-the-art denoising methods than the traditional 

clustering methods? Which of the denoising and clustering methods perform best when 

compared with respect to the computational cost, time and space required? 
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Research Hypothesis 1: Denoising will produce fewer SVs than OTUs by Clustering. 

Null Hypothesis 1: SVs will be greater in numbers than OTUs. 

 

Research Hypothesis 2: Denoising can identify the correct biological sequences and hence 

generate fewer False Negatives (unidentified correct bacterial strains). 

Null Hypothesis 2: Denoising will not produce fewer False Negatives than Clustering. 

 

Research Hypothesis 3: Denoising will have better F-measure (accuracy) than Clustering. 

Null Hypothesis 3: Denoising will not have better F-measure (accuracy) than Clustering. 

 

Research Hypothesis 4: SVs will produce a more precise visualization of phylogenetic tree 

than that generated by the OTUs. 

Null Hypothesis 4: SVs will not produce more precise visualizations of phylogenetic tree 

than that generated by the OTUs. 

 

Research Hypothesis 5: SVs will show better relative abundance distribution than OTUs. 

Null Hypothesis 5: SVs will not show better relative abundance distribution than OTUs. 

 

Research Hypothesis 6: Denoising will have same or less computational, space and time 

complexity than Clustering. 
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Null Hypothesis 6: Denoising will have higher computational complexity than Clustering. 

 

1.2 Methods and Materials 

In this chapter, I will be compared three state-of-the-art denoising methods namely 

DADA2, Deblur and UNOISE, as well as some traditional clustering methods namely 

UCLUST, Mothur, CD-HIT, Swarm, and two state-of-the-art clustering methods namely 

UPARSE and VSEARCH. Details regarding each of these methods are provided in the ‘  
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Computational Tools’ section of this thesis document. There are two types of 

sequence data being used in this chapter, Mock community data for testing accuracy of 

these methods and Natural community data for checking their overall performances. 

Details regarding both are given in ‘Sequence Datasets’ section of this thesis document. 

Beginning with the mock community data, each sample set is processed through 

each and every method / tool mentioned above and their outcomes were generated in the 

form of SVs or OTUs, BIOM table, phylogenetic trees and tables with taxonomic 

assignments. Comparison of the methods is done on the basis of their performances which 

were evaluated by checking their accuracy with the help of the known information from 

mock dataset. Next, all of the natural community datasets with a big volumes of sequence 

data were fed to these methods / tools to let them process that and generate similar 

outcomes with comparable computational complexities.  

 

1.3 Results and Discussion 

In this section, I present all results produced by each method using various samples/ 

datasets. I have tabulated all of them accordingly, followed by the discussion on the 

comparisons between them for each and every sample/ dataset. I evaluated the 

performances of all methods and pipelines by checking their results for the benchmark 

study (cluster quality assessment), visual analysis of phylogeny and taxonomy, and finally 

their computational complexity. 
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1.3.1 Benchmark study 

In this study, I evaluate the performance of each method and pipeline by their 

comparison with the standard, which is the list of expected bacteria and their given 

abundance distribution in each sample/ dataset. For the quality assessment of sequence 

variants and clusters, this study will comprise of mainly three analyses – comparison of 

inferred SVs and picked OTUs, analysis of the observed species richness and accuracy 

testing with F-measure. 

 

(i) Inferred SVs and estimated OTUs count 
 

This analysis involves sequence library comparison, i.e. comparison of the number 

of SVs or the representative sequences from OTUs generated by each method. A list of 

methods used includes denoising methods (DADA2, Deblur and UNOISE) and clustering 

methods (UPARSE, VSEARCH, UCLUST, Mothur, CD-HIT and Swarm). Material 

datasets involved in this research are from both mock as well as natural communities.  

Mock community data 

Primarily, ATCC mock datasets were used by all denoising and clustering methods 

to generate SVs and OTUs respectively and then compare their numbers.  

 

Table 8. ATCC mock community dataset PGM052: Number of SVs and OTUs generated by 
denoising and clustering methods respectively. 
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Methods 
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PGM052_BactFT_A5 
(Even 10)  
(11,059) 

53 64 38 12 452 351 1,400 448 3,733 

PGM052_BactFT_B5 
(Staggared 10)  
(11,053) 

36 36 21 10 331 222 882 278 2,875 

PGM052_BactFT_C5 
(Even 20)  
(11,354) 

63 77 52 21 633 524 1,525 641 3,910 

PGM052_BactFT_D5 
(Staggared 20)  
(13,265) 

43 56 28 15 497 428 1,408 515 3,803 

PGM052_BactFT_E5  
(Even 10) 
(8,459) 

48 58 35 12 422 326 1,163 396 3,052 

PGM052_BactFT_F5  
(Staggared 10) 
(9,355) 

30 34 19 11 254 200 770 257 2,513 

PGM052_BactFT_G5  
(Even 20) 
(7,179) 

50 77 48 21 475 395 1,121 508 2,782 

PGM052_BactFT_H5  
(Staggared 20) 
(9,145) 

51 55 32 13 444 347 1,170 412 3,147 

 
Total (80,869) 122 77 137 24 1,720 1,900 9, 145 1,989 21,031 

 

In Table 8, all denoising methods gave SVs in much lower numbers compared to most of 

the clustering methods as expected. This happened due to the error correction strategies of 

denoising methods, where they go further to merge identical sequences formed after 

nucleotide adjustments and produce even fewer unique sequence variants (SVs).  

UPARSE is the only clustering method that produced such a low count of OTUs, which is 
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due to the singleton removal step in its pipeline, where it discards thousands or millions of 

reads with errors. This may reduce sensitivity (true positive rate) in some cases. 

 

Table 9. Number of reads retained after denoising and clustering for ATCC mock community 
dataset PGM052. 
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PGM052_ A5  
(11,059) 4,828 3,486 10,261 10,044 4,646 11,059 10,752 11,059 11,059 

PGM052_ B5  
(11,053) 5,309 3,978 8,010 10,043 4,102 11,053 10,670 11,053 11,053 

PGM052_ C5  
(11,354) 5,700 3,977 10,652 7,489 4,636 11,354 11,048 11,354 11,354 

PGM052_ D5  
(13,265) 7,976 5,554 12,698 11,974 5,197 13,265 12,866 13,265 13,265 

PGM052_ E5  
(8,459) 3,705 2,625 8,718 8,578 3,780 8,459 8,459 8,459 8,459 

PGM052_ F5  
(9,355) 4,440 3,367 8,696 8,109 3,635 9,355 8,970 9,355 9,355 

PGM052_ G5  
(7,179) 3,720 2,382 10,449 9,782 3,165 7,179 6,919 7,179 7,179 

PGM052_ H5  
(9,145) 5,004 3,182 6,718 6,323 3,892 9,145 8,863 9,145 9,145 
 

Total (80,869) 
 

40,682 28,551 76,202 72,342 33,053 80,869 78,547 80,869 80,869 

 

In Table 9, we can see that the traditional clustering methods retain most of the sequences 

from the original dataset which contains a lot of noise, or in other words, the poor-quality 

sequences which need to be discarded in order to avoid false positives (wrongly identified 

bacteria) in the clustering process. DADA2 and Deblur among the denoising methods and 



65 
 

VSEARCH clustering method only retrieved about half of the original dataset. Whereas 

UNOISE and UPARSE retained maximum, discarding about 10% of the original dataset. 

 

Natural community data 

Secondarily, several natural community datasets from different sources were used 

to compare the numbers of SVs and OTUs. Here, we can also observe their consistency. 

 

Table 10. Natural community datasets: Number of SVs and OTUs generated by denoising and 
clustering methods respectively. 
 

Methods 
used 
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(sequences) 
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Denoising 
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PGM061_set5  
(9,089) 167 48 63 164 1,072 1,893 2,225 1,865 5,182 

PGM062_set1  
(1,335,410) 

2,588 1,909 1,826 839 58,459 57,020 216,147 59,470 417,519 

PGM069_set2  
(2,602,669) 

4,943 2,512 3,001 929 85,992 87,378 380,162 88,006 87,249 

PGM073_set2 
(54,431) 374 227 355 267 2,502 2,192 5,421 2,545 13,610 

PGM073_set3 
(2,519,104) 

3,875 1,908 2,412 740 57,773 51,526 289,936 51,034 376,668 

NACSELD 
(4,470,989) 

6,334 4,604 5,701 1,386 129,202 140,672 546,811 150,021 518,378 

EVPP643_ 
PGM077  
(455,584) 

7,265 2,140 5,111 7,622 87,762 87,843 246,630 81,014 227,855 
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Here again (in Table 10) all denoising methods gave SVs in much lower numbers compared 

to most of the clustering methods as expected. This happened due to the error correction 

strategies of denoising methods, where they go further to merge identical sequences formed 

after nucleotide adjustments and produce even lesser unique sequences i.e. SVs.  

UPARSE is again the only clustering method that produced very low count of 

OTUs (less than SVs in some cases), which is due to the singleton removal step in its 

pipeline, where it discards thousands or millions of reads with errors. This may reduce 

sensitivity (true positive rate) in some cases. Please note that UPARSE method in 

USEARCH creates alignment seeds of sequences which generate clusters based on percent 

identity, filters low abundance clusters, performs de novo and reference-based chimera 

detection. And this is probably why UPARSE produced such a low number of OTUs which 

was lesser than the number of SVs in some cases.  

 

(ii) Observed Species Richness  
 

This is the analysis of species richness i.e. a variety of species observed in a sample 

set. Observed species richness in this case will be analyzed by comparing a list of expected 

species identified by different methods for each sample set. ATCC mock community data 

(QC stains from  

Table 1) is being used as standard for this analysis to compare clustering and 

denoising methods by evaluating them based on the taxonomic richness they show in their 

results.  
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Each unique sample set (from Error! Reference source not found.) in the ATCC 

mock community dataset PGM052 were individually used in order to obtain specific results 

and then the whole dataset was processed for this analysis. Beginning with the first unique 

sample set below, I counted all True Positives and False Negatives. True Positives are the 

correctly identified strains from the list of expected species that are represented by ‘Yes’ 

in the tables below, while False Negatives are the unidentified strains from the list of 

expected species that are represented by ‘No’, whereas False Positives are the wrongly 

identified strains that were not amongst the expected species. For each of the following 

tables, all expected bacteria in a given ATCC sample are listed with their abundance 

percentage. 

 

Table 11. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_A5 (10 Bacteria, Even Ratio) 
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Bacillus cereus 

(22.95%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.69%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(32.06%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(8.13%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(4.74%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli Yes Yes Yes Yes Yes No No No No 
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(11.46%) 

Lactobacillus gasseri 

(4.00%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(4.87%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(4.52%) Yes Yes Yes Yes Yes No Yes No Yes 

Streptococcus mutans 

(3.58%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

True Positives i.e. Correctly identified 

(total Yes) 10 10 10 10 10 8 9 8 9 

False Negatives i.e. Unidentified (total 

no missed) 0 0 0 0 0 2 1 2 1 

False Positives i.e. Wrongly identified 6 6 6 1 17 15 17 15 18 

 

In this case (Table 11) of a sample containing 10 bacteria with even distribution, all of the 

denoising tools (DADA2, Deblur, UNOISE) and only two of the clustering tools (UPARSE 

and VSEARCH) identified all 10 expected bacteria. Highlighted cells indicate missing 

taxa. 

 

Table 12. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_B5 (10 Bacteria, Staggered Ratio) 
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Expected Species 
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Bacillus cereus 

(17.34%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis No No No No Yes Yes Yes Yes Yes 
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(0.02%) 

Clostridium beijerinckii 

(2.43%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.05%) No No No No Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(0.03%) Yes No No Yes Yes No No No No 

Escherichia coli 

(8.66%) Yes Yes Yes Yes Yes No No No No 

Lactobacillus gasseri 

(0.30%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(36.79%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(34.10%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(0.27%) Yes No Yes Yes Yes Yes Yes Yes Yes 

          

True Positives  8 6 7 8 10 7 8 8 8 

False Negatives  2 4 3 2 0 3 2 2 2 

False Positive 4 3 5 1 17 11 14 11 15 

 

In this case (Table 12) of a sample containing 10 bacteria with staggered distribution, only 

VSEARCH among all tools could perfectly identify all 10 expected bacteria.  

 

Table 13. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_C5 (20 Bacteria, Even Ratio) 
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Acinetobacter baumannii 

(14.80%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(2.38%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bacillus cereus 

(20.67%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(5.24%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.06%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(7.39%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(2.58%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(3.14%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli 

(2.91%) Yes No Yes Yes Yes No No No No 

Helicobacter pylori 

(2.31%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(5.92%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(1.09%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(8.22%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.76%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa 

(2.07%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(2.14%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(2.33%) No Yes Yes Yes Yes No No No No 
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Staphylococcus epidermidis 

(5.70%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(3.85%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(3.44%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

True Positives  19 19 20 20 20 18 18 18 18 

False Negatives  1 1 0 0 0 2 2 2 2 

False Positive 5 4 7 2 34 20 24 20 28 

 

In this case (Table 13) of a sample containing 20 bacteria with even distribution, only 

UNOISE among denoising tools and two of the clustering tools (UPARSE and VSEARCH) 

identified all 20 expected bacteria. Other two denoising tools (DADA2 and Deblur) missed 

only 1, while all other four clustering tools couldn’t identify 2 expected bacteria. 

 

Table 14. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_D5 (20 Bacteria, Staggered Ratio) 
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Acinetobacter baumannii 

(0.26%) Yes No No No Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(0.01%) No No No Yes No No No No No 

Bacillus cereus 

(6.46%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(0.04%) Yes No No Yes Yes Yes Yes Yes Yes 
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Bifidobacterium adolescentis 

(0.01%) No No No No No No No No No 

Clostridium beijerinckii 

(9.03%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.03%) No No No No Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(0.01%) No No No No Yes No No No No 

Escherichia coli 

(32.28%) Yes Yes Yes Yes Yes No No No No 

Helicobacter pylori 

(0.03%) No No No No Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(0.11%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(9.34%) Yes No No Yes Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(0.10%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.09%) Yes No No No Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa 

(2.49%) Yes No No Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

13.72%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(1.68%) Yes No Yes Yes Yes No No No No 

Staphylococcus epidermidis 

(12.72%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(1.50%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(10.09%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

True Positives  15 9 10 14 18 15 15 15 15 
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False Negatives  5 11 10 6 2 5 5 5 5 

False Positive 5 3 7 1 26 10 15 13 16 

 

In this case (Table 14) of a sample containing 20 bacteria with staggered distribution, none 

of the denoising and clustering methods could identify all 20 bacteria as expected. 

However, VSEARCH identified the highest number of expected bacteria, while Deblur got 

the lowest number. 

 

Table 15. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_E5 (10 Bacteria, Even Ratio) 
 

Tools 

used 

Expected Species 
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Bacillus cereus 

(22.95%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.69%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(32.06%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(8.13%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(4.74%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli 

(11.46%) Yes Yes Yes Yes Yes No No No No 

Lactobacillus gasseri 

(4.00%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(4.87%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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(4.52%) 

Streptococcus mutans 

(3.58%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

True Positives 10 10 10 10 10 9 9 9 9 

False Negatives 0 0 0 0 0 1 1 1 1 

False Positive 4 3 8 1 21 14 14 15 16 

 

In this case (Table 15) of a sample containing 10 bacteria with even distribution, again all 

denoising tools (DADA2, Deblur, UNOISE) and only two clustering tools (UPARSE and 

VSEARCH) identified all 10 expected bacteria. Whereas, all other clustering tools couldn’t 

identify one of the expected bacteria, Escherichia coli. 

 

Table 16. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_F5 (10 Bacteria, Staggered Ratio) 
 

Tools 

used 

Expected Species 
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Bacillus cereus 

(17.34%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(0.02%) No No No No No No No No No 

Clostridium beijerinckii 

(2.43%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.05%) No No No No Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(0.03%) Yes No No No Yes No Yes No Yes 

Escherichia coli Yes Yes Yes Yes Yes No No No No 
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(8.66%) 

Lactobacillus gasseri 

(0.30%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(36.79%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(34.10%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(0.27%) Yes Yes Yes Yes Yes No Yes Yes Yes 

          

True Positives  8 7 7 7 9 6 8 7 8 

False Negatives  2 3 3 3 1 4 2 3 2 

False Positive 4 3 4 3 17 11 13 14 16 

 

In this case (Table 16) of a sample containing 10 bacteria with staggered distribution, none 

of the denoising and clustering tools could identify exact all 20 bacteria as expected. 

However, VSEARCH got the highest number of bacteria, missing only one of the expected 

bacteria.  

 

Table 17. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_G5 (20 Bacteria, Even Ratio) 
 

Tools 

used 

Expected Species 
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Acinetobacter baumannii 

(14.80%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(2.38%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bacillus cereus Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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(20.67%) 

Bacteroides vulgatus 

(5.24%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.06%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(7.39%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(2.58%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(3.14%) Yes Yes Yes Yes Yes No Yes No Yes 

Escherichia coli 

(2.91%) Yes Yes Yes Yes Yes No No No No 

Helicobacter pylori 

(2.31%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(5.92%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(1.09%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(8.22%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.76%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa 

(2.07%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(2.14%) Yes No No Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(2.33%) Yes Yes Yes Yes Yes No No No No 

Staphylococcus epidermidis 

(5.70%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(3.85%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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(3.44%) 

          

True Positives  20 19 19 20 20 17 18 17 18 

False Negatives  0 1 1 0 0 3 2 3 2 

False Positive 3 3 8 1 28 19 23 21 25 

 

In this case (Table 17) of a sample containing 20 bacteria with even distribution, only 

DADA2 and VSEARCH could perfectly identify all 20 expected bacteria. Deblur, 

UNOISE and UPARSE couldn’t identify only one, while other tools missed more than one 

bacterium. 

 

Table 18. Observed Species Richness: Denoising VS Clustering – ATCC Standards 
PGM052_BactFT_H5 (20 Bacteria, Staggered Ratio) 
 

Tools 

used 

Expected Species 
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Acinetobacter baumannii 

(0.26%) Yes No No Yes Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(0.01%) No No No No No No No No No 

Bacillus cereus 

(6.46%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(0.04%) Yes No No Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(0.01%) No No No No No No No No No 

Clostridium beijerinckii 

(9.03%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans No No No No No No No No No 
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(0.03%) 

Enterococcus faecalis 

(0.01%) No No No No No No No No No 

Escherichia coli 

(32.28%) Yes Yes Yes Yes Yes No No No No 

Helicobacter pylori 

(0.03%) No No No No Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(0.11%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(9.34%) Yes Yes Yes No Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(0.10%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.09%) Yes No No No Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa 

(2.49%) Yes No No Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

13.72%) Yes No Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(1.68%) Yes No No No Yes No No No No 

Staphylococcus epidermidis 

(12.72%) Yes Yes Yes Yes Yes No Yes Yes Yes 

Streptococcus agalactiae 

(1.50%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(10.09%) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

True Positives  15 9 10 12 16 13 14 14 14 

False Negatives  5 11 10 8 4 7 6 6 6 

False Positive 4 3 7 0 21 13 12 12 15 
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In this case (Table 18) of a sample containing 20 bacteria with staggered distribution, again 

none of the online or offline tools could identify exact all 20 bacteria as expected. However, 

VSEARCH identified the highest number of expected bacteria, while Deblur got the lowest 

number. 

Overall in all of the above tables it was observed that the denoising methods and 

UPARSE often could not identify the expected bacteria with a very low percent abundance, 

except E. coli that traditional clustering methods identified as different species under the 

genus name Shigella (such as Shigella sonnei, Shigella boydii and Shigella flexneri) or 

Enterobacter (with unknown species). It was also observed that except UPARSE, all other 

clustering methods including traditional ones and VSEARCH produced too many False 

Positives for each sample. Considering that the observed species richness will be more 

reliable in the situation with evenly distributed bacteria than that in case of the samples 

containing staggered ratios of bacteria, I calculated Sensitivity for the total evenly sorted 

bacteria.  

 

Table 19. Sensitivity (True Positive Rate) for all samples and with even distributions of bacteria. 
 

Sensitivity DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

For All 
Samples 0.875 0.7417 0.775 0.84167 0.941667 0.775 0.825 0.8 0.8167 

For Even 
Ratios 1 0.9831 0.98333 0.98333 1 0.91228 0.9474 0.912 0.9298 
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Overall (in Table 19), it was observed that all state-of-the-art denoising tools (DADA2, 

Deblur, UNOISE) and two clustering tools (UPARSE and USEARCH) consistently 

showed higher species richness (taxonomic identifications) than all other clustering tools. 

Although in some cases of the samples with staggered ratios of bacteria, traditional 

clustering tools (UCLUST, Mothur, CD-HIT and Swarm) showed higher species richness 

than state-of-the-art denoising tools. After calculating a Sensitivity for each method to be 

compared, it was apparent that when considering all samples, VSEARCH had the highest 

true positive rate but still its False Negative Rate (Miss Rate) was 0.058333 (i.e. 1 – 

sensitivity = 1 – 0.941667). However, specifically for the samples containing only even 

distribution of bacteria, DADA2 among denoising tools and VSEARCH among clustering 

tools a got perfect 1 value, and hence meaning their Miss Rate was 0. 

Now, the observed species richness and sensitivity or miss rate only provide the 

analysis of True Positives (correctly identified strains) and False Negatives (unidentified 

correct strains), however for the accuracy testing purpose we also need to count the False 

Positives (identified wrong strains) and calculate the F-measure. 

 

(iii) F-measure or F1 score 
 

F-measure also known as the F1 score is a measure for the accuracy testing (of the 

methods in this case). It is defined as the weighted average of the precision and recall. 

Traditional formula to compute the F1 score is given below as the harmonic mean of 

precision ‘p’ and recall ‘r’.  
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Equation 4. F-measure (F1 score) 
 

𝐹6 	= 	2 ∗ L
𝑝 ∗ 𝑟
𝑝 + 𝑟O	 

 

Here, precision ‘p’ is the Positive Predictive Value (PPV), which measures the fraction of 

actual positives out of total identified – calculated as follows: 

 

Equation 5. Positive Predictive Value, 'p' 
 

𝑝	 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 	=
𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑	#
𝑡𝑜𝑡𝑎𝑙	𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑	#  

 

And recall ‘r’ (also known as Sensitivity) is the True Positive Rate (TPR), which measures 

the proportion of actual positives that are correctly identified – calculated as: 

 

Equation 6. Recall, 'r' 
 

𝑟	 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒	𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 	=
𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑	#
𝑡𝑜𝑡𝑎𝑙	𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑	#  

 

Using these formulas, I computed the F1 scores for testing accuracy of all the 

denoising and clustering methods I am comparing in my research. Tables of these F-

measures for each ATCC Standards sample set are given below, followed by the discussion 
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regarding each results table. There I signify F1 scores ranging from 0.60 to 0.69 as ‘Decent’, 

0.70 to 0.79 as ‘Good’, 0.80 to 0.89 as ‘Better’, 0.90 to 0.99 as ‘Excellent’, and 1 as 

‘Perfect’, while anything below 0.60 is ‘Bad’. 

 

Table 20. F-measure results using ATCC Standards PGM052_BactFT_A5 (10 Bacteria, Even Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.63 0.63 0.63 1.00 0.37 0.35 0.35 0.35 0.33 

Recall 1.00 1.00 1.00 1.00 1.00 0.80 0.90 0.80 0.90 

F1 score 0.77 0.77 0.77 1.00 0.54 0.48 0.50 0.48 0.49 

 

Here (in Table 20), all denoising methods (DADA2, Deblur and UNOISE) were good and 

only one of the clustering methods (UPARSE) turned out to be the best with perfect F1 

value (also perfect precision and recall). Whereas, VSEARCH and other four clustering 

methods (UCLUST, Mothur, CD-HIT and Swarm) scored bad (below 0.60).  

 

Table 21. F-measure results using ATCC Standards PGM052_BactFT_B5 (10 Bacteria, Staggered 
Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.67 0.67 0.58 0.89 0.37 0.42 0.36 0.42 0.35 

Recall 0.80 0.60 0.70 0.80 1.00 0.80 0.80 0.80 0.80 

F1 score 0.73 0.63 0.64 0.84 0.54 0.55 0.50 0.55 0.48 
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Here (in Table 21), DADA2 was a good performer, while Deblur and UNOISE were 

decent, and UPARSE was better than all of them. VSEARCH and all other clustering 

methods had F1 scores lesser than 0.6 and hence were bad.  

 

Table 22. F-measure results using ATCC Standards PGM052_BactFT_C5 (20 Bacteria, Even Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.79 0.83 0.74 0.91 0.37 0.47 0.43 0.47 0.39 

Recall 0.95 0.95 1.00 0.95 1.00 0.90 0.90 0.90 0.90 

F1 score 0.86 0.88 0.85 0.93 0.54 0.62 0.58 0.62 0.55 

 

Here (in Table 22), all three denoising methods (DADA2, Deblur and UNOISE) and 

UPARSE among the clustering methods performed much better with F1 scores greater than 

0.80, whereas UCLUST and CD-HIT performed decent with F1 scores greater than 0.6 and 

remaining two clustering methods (Mothur and Swarm) and VSEARCH were bad. 

UPARSE yet again turned out to be the best of all methods.  

 

 
Table 23. F-measure results using ATCC Standards PGM052_BactFT_D5 (20 Bacteria, Staggered 
Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.75 0.75 0.59 0.93 0.39 0.60 0.50 0.54 0.48 

Recall 0.75 0.45 0.50 0.70 0.90 0.75 0.75 0.75 0.75 

F1 score 0.75 0.56 0.54 0.80 0.55 0.67 0.60 0.63 0.59 
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Here (in Table 23), only DADA2 among denoising methods and UPARSE among the 

clustering methods performed well while three clustering methods (UCLUST, Mothur and 

CD-HIT) were decent performers, the other denoising (Deblur and UNOISE) and 

clustering (Swarm and VSEARCH) methods were bad with F1 scores lower than 0.60. Yet 

UPARSE had a better accuracy than all other methods. 

 

Table 24. F-measure results using ATCC Standards PGM052_BactFT_E5 (10 Bacteria, Even Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.71 0.77 0.56 0.91 0.32 0.39 0.39 0.38 0.36 

Recall 1.00 1.00 1.00 1.00 1.00 0.90 0.90 0.90 0.90 

F1 score 0.83 0.87 0.71 0.95 0.49 0.55 0.55 0.53 0.51 

 

Here (in Table 24), UNOISE was a good performer, but DADA2 and Deblur were better 

than and UPARSE was yet again the best of all methods. VSEARCH and all remaining 

clustering methods were bad with F1 scores lower than 0.60. 

 

Table 25. F-measure results using ATCC Standards PGM052_BactFT_F5 (10 Bacteria, Staggered 
Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.67 0.70 0.64 0.70 0.35 0.35 0.38 0.33 0.33 

Recall 0.80 0.70 0.70 0.70 0.90 0.60 0.80 0.70 0.80 

F1 score 0.73 0.70 0.67 0.70 0.50 0.44 0.52 0.45 0.47 
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Here (in Table 25), two denoising methods (DADA2 and Deblur) were good, while 

UNOISE and UPARSE among the clustering methods were decent, but again VSEARCH 

and all other four clustering methods (UCLUST, Mothur, CD-HIT and Swarm) were bad 

performers. 

 

Table 26. F-measure results using ATCC Standards PGM052_BactFT_G5 (20 Bacteria, Even Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.87 0.86 0.70 0.95 0.42 0.47 0.44 0.45 0.42 

Recall 1.00 0.95 0.95 1.00 1.00 0.85 0.90 0.85 0.90 

F1 score 0.93 0.90 0.81 0.98 0.59 0.61 0.59 0.59 0.57 

 

Here (in Table 26), except VSEARCH, Mothur, CD-HIT and Swarm that were bad, all 

other methods had F1 scores greater than 0.6. UCLUST was just decent, while UNOISE 

was better, and DADA2, Deblur and UPARSE were excellent performers. Although 

UPARSE again turned out to be the best of all methods, it didn’t score perfect 1. DADA2 

and Deblur among denoising methods also showed great accuracy. 

 

Table 27. F-measure results using ATCC Standards PGM052_BactFT_H5 (20 Bacteria, Staggered 
Ratio) 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST Mothur CD-
HIT Swarm 

Precision 0.79 0.75 0.59 1.00 0.43 0.50 0.54 0.54 0.48 

Recall 0.75 0.45 0.50 0.60 0.80 0.65 0.70 0.70 0.70 

F1 score 0.77 0.56 0.54 0.75 0.56 0.57 0.61 0.61 0.57 
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Here (in Table 27), only DADA2 out of all denoising methods and only UPARSE among 

clustering methods performed good with 0.7 or greater F1 scores, while two out of the 

remaining methods (Mothur and CD-HIT) performed decently and all other methods 

(Deblur, UNOISE, VSEARCH and Swarm) were bad. UPARSE yet again had the highest 

score and accuracy. It also seems that due to staggered ratios of 20 bacterial strains in this 

sample set, none of these methods scored above 0.80 which happened in other cases. 

 

In all of the above cases except for two sample sets with staggered ratios of 20 

bacteria, the state-of-the-art denoising methods (DADA2, Deblur and UNOISE) had better 

F1 scores than VSEARCH and all traditional clustering methods (UCLUST, Mothur, CD-

HIT and Swarm). However, UPARSE among the state-of-the-art clustering methods often 

had higher F1 scores than the state-of-the-art denoising methods. Overall in terms of F1 

scores, UPARSE was the best performing method, with sometimes perfect value at 1 for 

precision and recall. Specifically, among denoising methods, DADA2 got the highest F1 

score in most cases, while Deblur often got higher than both DADA2 and UNOISE in case 

of evenly sorted bacterial sample sets. 

 

 

 

1.3.2 Visual Analysis of Phylogeny and Taxonomy 

In this analysis, first I compare the phylogenetic trees generated by different 

clustering and denoising methods. And then, I observe the relative abundance distributions 
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of species generated by each method and compare them against the expected abundance 

distribution.  

 

 

(i) Phylogenetic Trees Comparison 
 

A phylogenetic tree or phylogeny represents the evolutionary or taxonomic 

relationships among a set of organisms or descendant taxa. It begins with a root node that 

represents the ancestor taxa and ends with all possible branches showing the descendants 

(organisms at specific taxonomic level, such as species) at the tips and their common 

ancestor at every node. The phylogenetic tree comparison is done primarily to compare the 

resolution of the trees built using SVs and OTU-representatives, and then in order to 

validate their predicted phylogenies based on the taxonomic labels. Diagrams of the 

phylogenetic trees generated from SVs and OTUs are given below, followed by the 

discussion regarding each result. 

 

Mock community data 

ATCC mock datasets were initially used to make phylogenetic trees from SVs and 

OTUs generated by denoising and clustering methods respectively, and then I compared 

these trees to see which of them had a precise representation of phylogenetic relationships. 

We now look at the trees made from SVs and OTUs generated by denoising and clustering 

methods respectively using first ATCC Standards sample set “PGM052_BactFT_A5” 

(from Error! Reference source not found.). 
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Figure 12. Phylogenetic tree made from OTU-representative sequences generated by UCLUST 
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Figure 13. Phylogenetic tree made from OTU-representative sequences generated by CD-HIT 
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Figure 14. Phylogenetic tree made from OTU-representative sequences generated by Mothur 
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Figure 15. Phylogenetic tree made from OTU-representative sequences generated by Swarm 
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Figure 16. Phylogenetic tree made from ASVs (sequence variants) generated by DADA2 
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Figure 17. Phylogenetic tree made from subOTUs (sequence variants) generated by Deblur 
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Figure 18. Phylogenetic tree made from zOTUs (sequence variants) generated by UNOISE 

 



95 
 

 

 
Figure 19. Phylogenetic tree made from OTU-representative sequences generated by UPARSE 
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Figure 20. Phylogenetic tree made from OTU-representative sequences generated by VSEARCH 

 

Overall (in Figures 12 to 20), if we just compare the tree representations of SVs 

and OTUs, we can see that SVs-based trees are clearer and OTUs-based trees are very 

dense and bushy. UPARSE’s OTUs-based tree was the only exception to this. Otherwise, 
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all SVs-based trees have much fewer nodes and branches than OTUs-based trees. Branch 

tips for all tree represent unique (SVs and OTU-representatives) sequences of bacteria 

identified by denoising and clustering methods, respectively. For checking each and every 

phylogenetic relationship, and to observe closely related and distantly related organisms, 

in case of the OTUs-based trees, one needs to zoom in to every single branch, whereas for 

the SVs-based trees, this is not required since SVs-based trees are much less bushy. If we 

separated branches by one taxonomic level up, then we could separate out each small bush 

by the nodes representing Genera or Family (labeled on the right side in trees). However, 

again for the OTUs-based trees, it is still little inconvenient to check phylogeny without 

expanding each node’s bush. 

Please note that in this Mock community data section, I am showing the tree results 

and discussion for only first sample set (PGM052_BactFT_A5) of ATCC Standards Mock 

community data. Trees for all other sample sets from this mock community data (listed in 

Error! Reference source not found.) are not included as they shown similar results as the 

first sample. Similarly, for the natural community data below, only one (smallest) dataset 

will be used as an example since all other datasets showed the same trends. 

Mock community data has been used to compare precisely each and every node of 

the phylogenetic trees generated from SVs and OTUs generated by different denoising and 

clustering methods. Each node with a bunch of branch tips pointing to SVs or OTU-

representatives are supposedly showing the taxa which expected species are belonging to. 

 



98 
 

 

Natural community data 

Natural community data is essentially used here to compare basic visual difference 

between trees generated from SVs and OTUs. Since denoising produced much fewer SVs 

than the OTUs produced by most of the clustering methods, the phylogenetic trees SVs 

generate will be less bushy and quite easy to visualize without the need for zooming in to 

see nodes. Additionally, I also compare trees generated specifically by three state-of-the-

art denoising methods. 

First, I compared the phylogenetic trees generated from clustered OTUs and 

denoised SVs for our smallest sequence dataset PGM061_set5 (9,089 sequences) which 

produced 1,893 OTUs using UCLUST (one of the clustering methods) and 167 ASVs using 

DADA2 (one of the denoising methods). 
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Figure 21. Phylogenetic tree made by clustering base OTUs of natural community sequence data 
 

Here (in Figure 21), OTUs at the branch tips are named as ‘denovo’ followed by the 

number. This OTU tree looks bushy or very crowded and it is difficult to visualize the 

taxonomic relationship. In order to see the closely related OTUs one needs to zoom into 

the specific group of branches as the zoomed-out view doesn’t provide a clear picture of 

phylogenetic relationship. 
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Figure 22. Phylogenetic tree made by denoising based SVs of natural community sequence data 
 

Here (in Figure 22), SVs are at the branch tips, and due to their fewer number compared to 

OTUs, this tree of SVs is less crowded, and it is easier to visualize the taxonomic 

relationships. However, it should also be noted that, due to the smaller size of the input 

sequence dataset, the analysis only produced only 167 SVs. Certainly, the bigger datasets 

with over a million sequences may produce more than a thousand SVs, in which case the 

tree will look densely populated, although it was observed in this research that the number 
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of SVs was still fewer than that of OTUs in most of the cases and hence their trees were 

better  visualized than that of OTUs.  

 

Please note that in this section of Natural community data, I only compared the 

visualizations of trees generated by SVs and OTUs methods using one of the natural 

community datasets. Other datasets could also be used to generate trees for comparing their 

visualizations, but again with respect to the number of SVs and OUTs (given in Error! 

Reference source not found.) generated by denoising and clustering methods 

respectively, would produce the similar to above results. To compare the correctness of the 

phylogenetic relationships in the trees generated by denoising and clustering methods, I 

used ATCC Standards sample set PGM052_BactFT_A5 in the mock community data 

section.  

 

Next, I compared the phylogenetic trees generated from SVs inferred by different 

denoising methods using the same small sequence dataset PGM061_set5 (9,089 

sequences). Given below (in Figure 23) are the cladograms (type of phylogenetic tree 

representation) built from 167 ASVs by DADA2 (left), 48 subOTU by Deblur (right top) 

and 63 zOTU by UNOISE (right bottom). Please note that these methods have different 

naming schemes for SVs (unique sequence variants) i.e. ASVs for DADA2, subOTU for 

Deblur and zOTU for UNOISE, which essentially mean the same and are referred to as 

SVs in this research throughout for consistency. 
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Figure 23. Comparing phylogenetic trees made from SVs produced by DADA2 (left), Deblur (top 
right) and UNOISE (bottom right) 
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 (ii) Relative Abundance Distribution 
 

The species abundance distribution graph serves as a representation for the 

biodiversity index in a given sample obtained from ecosystems such as soil, water, etc. The 

species abundance distribution in a microbial community provides the relationship between 

the number of microbial species observed in a microbiome study as a function of their 

observed abundance. And the relative abundance distribution describes the relation 

between species abundance distributions among multiple fields of study, which in this 

research will be multiple methods under study.  

In my research, I compare different denoising and clustering methods using their 

relative abundance distribution of the bacterial species in each of the given sample sets. 

Since all of the expected species and their distribution is already known, this would help 

me better in making concrete inferences. For the samples with staggered distributions of 

10 or 20 bacteria, I used an abundance cutoff at 0.1%. This is not a statistical cutoff but 

solely based on the number of reads in each sample (i.e. ~10 thousand). Therefore, only 

those above 0.1% bacterial abundances in a sample (i.e. > 10 reads per sample of about 

10,000 reads) will be considered as expected major bacterial abundances. In samples with 

the staggered distributions of 10 or 20 bacteria, the bacteria with low abundances below 

the cutoff will be not as important and hence can be neglected if they were not identified 

by any clustering or denoising methods. 
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Figure 24. Comparing Relative Abundances for sample PGM052_BactFT_A5 (10 Bacteria, Even 
Ratio) 

 

Here overall (in Figure 24), the relative bacterial abundances by all state-of-the-art 

denoising methods (DADA2, Deblur, UNOISE) are corresponding very well to the 

expected bacterial abundance, while state-of-the-art clustering methods (UPARSE and 

VSEARCH) have nearly similar relative abundance. However, traditional clustering 

methods (UCLUST, Mothur, CD-HIT and Swarm) also correspond partly, but they are 
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missing Escherichia Coli (10.61% abundance) and Staphylococcus epidermidis (7.58% 

abundance). 

 

Figure 25. Comparing Relative Abundances for sample PGM052_BactFT_B5 (10 Bacteria, 
Staggered Ratio) 

 

Here (in Figure 25) due to the staggered distribution of bacteria, none of the traditional 

clustering methods show the relative bacterial abundances that well in correspondence to 

the normalized abundances of the expected bacterial abundance (Table 4). Although not 

exactly same as in the expected proportions, still all denoising methods and two of the 

clustering methods (UPARSE and VSEARCH) show the expected major abundances of 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Exp
ect

ed
 %

DADA2
Debl

ur

UNOISE

UPARSE

VSEARCH

UCLUST

Moth
ur

CD-H
IT

Swarm

Sample PGM052_BactFT_B5 (10 Bacteria, Stagger Ratio) - Relative 
Abundances

Bacillus_cereus Bifidobacterium_adolescentis Clostridium_beijerinckii

Deinococcus_radiodurans Enterococcus_faecalis Escherichia_coli

Lactobacillus_gasseri Rhodobacter_sphaeroides Staphylococcus_epidermidis

Streptococcus_mutans



107 
 

Clostridium beijerinckii, Lactobacillus gasseri, Rhodobacter sphaeroides and some 

Staphylococcus epidermidis that are above the abundance cutoff (0.1%).  

 

Figure 26. Comparing Relative Abundances for sample PGM052_BactFT_C5 (20 Bacteria, Even 
Ratio) 

 

Here overall (in Figure 26), the relative bacterial abundances by UNOISE, UPARSE and 

VSEARCH are corresponding very well to the expected bacterial abundance, while 

DADA2 and Deblur also have nearly similar relative abundance. However, DADA2 and 
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Deblur are missing Staphylococcus aureus (5.26% abundance) and Escherichia coli (6.14% 

abundance) respectively, and all other clustering methods are missing both of these 

bacteria. 

 

Figure 27. Comparing Relative Abundances for sample PGM052_BactFT_D5 (20 Bacteria, 
Staggered Ratio) 

 

Here again (in Figure 27) due to the staggered distribution of bacteria, most of these 

methods do not show relative abundances that well corresponding. However, UPARSE 

predicted bacterial abundance corresponds well with the expected abundance. All 
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denoising methods show all of the expected bacteria with major abundances although they 

are not exactly as expected proportions. Whereas other clustering methods are missing E. 

coli (24.52%) and S. aureus (2.10%) out of the expected major bacterial abundance.  

 

Figure 28. Comparing Relative Abundances for sample PGM052_BactFT_E5 (10 Bacteria, Even 
Ratio) 

 

Here overall (in Figure 28), the relative bacterial abundances by all methods are 

corresponding very well to the normalized abundances of the expected bacterial abundance 

(Table 4), while VSEARCH shows almost congruent relative abundance as expected. 
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However, except the denoising (DADA2, Deblur, UNOISE) and two clustering (UPARSE 

and VSEARCH) methods, all remaining clustering methods are missing Escherichia Coli 

(10.61% abundance).  

 

Figure 29. Comparing Relative Abundances for sample PGM052_BactFT_F5 (10 Bacteria, Staggered 
Ratio) 

 

Here (in Figure 29) due to the staggered distribution of bacteria, none of the traditional 

clustering methods show the correct relative bacterial abundances that correspond to the 

normalized abundances of the expected bacterial abundance (Table 4). Although not 

exactly same as in the expected bacterial proportions, still all denoising methods and only 

UPARSE out of the clustering methods show the expected major abundances of 
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Clostridium beijerinckii, Lactobacillus gasseri, Rhodobacter sphaeroides and some 

Staphylococcus epidermidis, along with the excess abundance of Escherichia coli. 

However, E. coli (0.77% abundance) was missing in case of remaining clustering methods.  

 

 

Figure 30. Comparing Relative Abundances for sample PGM052_BactFT_G5 (20 Bacteria, Even 
Ratio) 
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Here (in Figure 30) also overall, the relative bacterial abundances by all methods are 

corresponding very well to the expected bacterial abundance. However, except all 

denoising (DADA2, Deblur, UNOISE) and first two clustering (UPARSE and VSEARCH) 

methods, all other clustering methods are missing Escherichia coli (6.14%) and 

Staphylococcus aureus (5.26%). 

 

 

Figure 31. Comparing Relative Abundances for sample PGM052_BactFT_H5 (20 Bacteria, 
Staggered Ratio) 
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Here (in Figure 31) yet again due to the staggered distribution of bacteria, the predicted 

bacterial proportions by most of these tools are not as in the expected proportions.  

Although still DADA2, UPARSE and VSEARCH show all of the expected major bacterial 

abundances, whereas Deblur and UNOISE are missing Staphylococcus aureus out of the 

expected bacteria with smaller proportions, and other clustering methods are missing 

Escherichia coli (24.52% abundance) and Staphylococcus aureus (2.10% abundance).  

 

1.3.3 Statistical Analysis 

In this analysis, I initially compared all relative abundance distributions by each 

method against the expected bacterial distribution using Wilcoxon singled-rank test and 

computed the p-values indicating how well they correspond. And then I did a couple of 

additional tests to validate some of the specific comparisons – first by using combined 

samples and secondly by partitioning datasets into multiple folds. I reperformed Wilcoxon 

test to validate the concurrence with the previous results.  

 

 (i) Linear Regression 
 

Since above all relative abundance charts are subjective and may have some 

observation bias, we performed a linear regression analysis, i.e. a linear approach to 

estimate the correlation between two independent distributions. It is used to determine 

whether two samples are having the same distribution. In this analysis, the paired datasets 

or the two samples tested against each other are the expected distribution in the given 

ATCC mock community sample and the bacterial distribution predicted by the clustering 
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or denoising method.  See Supplemental “S1_-_ATCC_samples.xlsx” for taxa ranking.  I 

used this to further compare the R-squared values to evaluate the performance of each 

method. In this case two abundances i.e. the normalized abundances of the expected 

bacterial abundance (Table 4) on one side and on the other side the distribution estimated 

by one of the methods to be compared every time. Following R-squared values were 

obtained after performing linear regression on the relative abundance distributions 

observed after each method for the ATCC samples as showed in visual analysis charts 

above. I also got the average of these R-squared values.  

 

 
Table 28. Linear regression analysis to compare denoising and clustering methods using separate ATCC samples. 
Each R-squared value represents the estimated correlation between expected and predicted distributions. 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST CD-
HIT Swarm Mothur 

Even 
10 (A5) 0.288 0.002 0.373 0.737 0.721 0.607 0.349 0.541 0.131 

Stagger 
10 (B5) 0.379 0.449 0.507 0.505 0.589 0.147 0.216 0.180 0.179 

Even 
20 (C5) 0.255 0.316 0.648 0.604 0.687 0.597 0.297 0.527 0.118 

Stagger 
20 (D5) 0.060 0.076 0.116 0.305 0.011 0.000 0.000 0.000 0.002 

Even 
10 (E5) 0.517 0.304 0.717 0.701 0.713 0.623 0.028 0.524 0.252 

Stagger 
10 (F5) 0.358 0.471 0.528 0.541 0.598 0.198 0.243 0.219 0.047 

Even 
20 (G5) 0.387 0.270 0.662 0.693 0.746 0.581 0.522 0.547 0.397 

Stagger 
20 (H5) 0.083 0.059 0.272 0.292 0.094 0.008 0.004 0.005 0.001 

AVG 0.291 0.243 0.478 0.547 0.520 0.345 0.207 0.318 0.141 
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Here (in Table 28), greater the R-squared value better is the correspondence between 

expected and predicted distributions. As we can see, all traditional clustering methods had 

the lower R-squared in most of the cases, which shows that their relative abundance was 

not so corresponding to the expected bacterial abundance (Table 4). Overall the denoising 

methods often and overall had higher R-squared value than all traditional clustering 

methods. Whereas the state-of-the-art clustering methods UPARSE and VSEARCH often 

had the highest R-squared value among all. Note that even the traditional clustering 

methods not only had low F1 score due to many False Positives (wrongly identified 

bacteria), but also the abundance of True Positives (expected correct bacteria) was very 

low compared to that of the other methods which therefore showed poor relative 

abundance. In short, we saw in this statistical analysis that traditional clustering methods 

(UCLUST, CD-HIT, Swarm, Mothur) had a comparatively lower R-squared values than 

the denoising methods and two advanced clustering methods (UPARSE, VSEARCH). The 

next step would be comparing these state-of-the-art denoising and clustering methods. 

 

(ii) Combined data analysis 
 

In order to further compare the state-of-the-art denoising and clustering methods 

specifically, I combined two samples of the same kind into a single sample set, forming 4 

sample sets from 8 samples. Sample set ATCC_Even_10 combines sample A5 and E5, 

ATCC_Stagger_10 combines sample B5 and F5, ATCC_Even_20 combines sample C5 

and G5, ATCC_Stagger_20 combines sample D5 and H5. I used these sample sets now to 

crosscheck if they produce the same results as we observed above while comparing state-
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of-the-art denoising and clustering methods. The raw rankings can be found in Appendix 

“S2_-_split_ATCC_randomly.xlsx”. 

 

Table 29. Linear regression to compare denoising and clustering methods using combined sample sets 
 

 DADA2 Deblur UNOISE UPARSE VSEARCH UCLUST CD-
HIT Swarm Mothur 

Even 10  0.538 0.299 0.745 0.759 0.832 0.512 0.293 0.314 0.218 

Stagger 
10  0.383 0.471 0.521 0.517 0.589 0.174 0.170 0.224 0.122 

Even 20  0.245 0.335 0.674 0.647 0.766 0.366 0.313 0.167 0.192 

Stagger 
20  0.073 0.080 0.130 0.340 0.348 0.000 0.000 0.000 0.001 

Average 0.310 0.296 0.517 0.566 0.633 0.263 0.194 0.176 0.133 

 

Here (in Table 29) we can see that for the sample sets with evenly distributed 10 bacteria 

(Even 10), staggered ratios of 10 bacteria (Stagger 10) and evenly distributed 20 bacteria 

(Even 20), all denoising methods and state-of-the-art clustering methods (USEARCH, 

VSEARCH) had a great correlation suggesting that their relative abundance was the most 

corresponding to the expected bacterial abundance (Table 4). Whereas in the staggered 

ratios of 20 bacteria (Stagger 20) all methods lower R-squared values, especially traditional 

clustering methods which had almost negligible R-squared values, suggesting no 

correspondence between their relative abundance and the expected bacterial abundance. 

Upon taking the averages we see that all methods performed very well overall, while 

UNOISE, UPARSE and VSEARCH had the higher R-squared values than other methods. 
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1.3.4 Computational, Space and Time Complexity 

This study includes the computational cost, storage space and processing time taken 

by each method / tool involved in this research. Computational complexity means the 

amount of resources required for running an algorithm. I have separated this study in two 

parts given below, first comparing computational cost and space, and next comparing 

execution time. 

 

(i) Comparing computational cost and storage space requirements 

The clustering and denoising tools used in this research are mostly based on two 

types of clustering algorithms often used i.e. hierarchical clustering and greedy heuristic 

(k-mers) clustering. The computational costs of standard implementation with hierarchical 

clustering algorithms and heuristic greedy algorithms are O(n2) and O(mn) respectively, 

where ‘n’ represents the number of sequences and ‘m’ represents the number of seeds (i.e. 

the sequence representing that cluster). Here, ‘m’ is usually much smaller than ‘n’, and 

hence greedy heuristic algorithms are computationally much more efficient than 

hierarchical clustering algorithms. Hierarchical clustering algorithms on other hand, 

compute a distance matrix with a size directly proportional to the square of the number of 

sequences, making it very difficult to process large-scale or high throughput sequencing 

data (i.e. big batch of over a million sequences). Computational and space complexities of 

these clustering algorithms differ with respect to the alignment method, type of clustering, 

use of reference database and generation of distance matrix. In this research I determined 

whether it is same case with denoising or if there is a lesser computational complexity. So, 
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I noted down in the table below, their algorithm types for alignment and clustering, whether 

they are reference-based and distance-based, followed by their complexities and discussion 

on that.  

 

Table 30. Comparison of Computational and Space Complexity between Denoising and Clustering 
 

Method / 

tool 

Alignment 

type 

Type of 

clustering 

algorithm 

Use of 

reference 

database 

Distance 

matrix 

generation 

Computational 

cost 

Memory 

/ space 

required 

UCLUST PSA Greedy Heuristic No No O(mn) O(n) 

CD-HIT PSA Greedy Heuristic No No O(mn) O(n) 

Swarm PSA 

Agglomerative 

Hierarchical 

(single-linkage) 

No Yes O(n2)  O(n2)  

Mothur MSA 

Hierarchical  

(average-linkage) 

clustering 

Yes Yes O(n2)  O(n2)  

UPARSE PSA Greedy Heuristic No Yes O(mn) O(n) 

VSEARCH PSA Greedy Heuristic Yes Yes O(mn) O(n) 

DADA2 PSA 
Divisive 

Hierarchical 
No Yes O(n2)  O(n2)  

Deblur MSA Greedy algorithm No Yes O(n) O(n2) 

UNOISE PSA Greedy algorithm No Yes O(mn) O(n) 

 

All heuristic greedy algorithms (UCLUST, CD-HIT, UPARSE, VSEARCH, 

Deblur and UNOISE) instead of comparing all pairs of sequences in one step, they process 

each input sequence one-by-one, avoiding the above computationally expensive steps. 

They pre-define a threshold to assign an input sequence to either an existing cluster if the 
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distance between the sequence and a seed is smaller than that threshold, or to the new seed 

i.e. a representative sequence for a new cluster. Therefore, heuristic greedy algorithms can 

substantially reduce the computational cost, space and time complexity compared to 

hierarchical clustering algorithms. In my observation, hierarchical clustering algorithms 

were too lengthy, sometimes causing CPU throttling and always taking a lot of storage 

space for their sequence alignment and distance matrix (temporary files). 

Mothur is based on a classic hierarchical clustering algorithm with average linkage 

method which is relatively conservative. It performs multiple sequence alignment (MSA) 

and needs to load a full distance matrix into memory prior to clustering, so while dealing 

with more than a million sequences it was taking several hundred gigabytes of space. 

Unlike Mothur, Swarm is based on single linkage method of hierarchical clustering and it 

uses an agglomerative approach i.e. bottom-up processing, which starts with all possible 

clusters and merges them until some condition is met. Whereas, DADA2 is based on a 

divisive hierarchical clustering algorithm, which begins with assigning all sequences to a 

single cluster and then keep subdividing them until the clustering fits an error model. So, 

the computational and space requirements for DADA2 are comparatively much less as they 

(especially the number of alignments to perform and store) scale with the square of the 

initial number of clusters, which are fewer for DADA2 than for Mothur and Swarm. Unlike 

Mothur, both DADA2 and Swarm perform pairwise sequence alignment (PSA) and neither 

of them rely on the reference database. Therefore, their computational and space 

complexity is not as high as that of Mothur. Among heuristic greedy algorithms, only 



120 
 

Deblur performs MSA and hence has little higher space complexity than other heuristic 

greedy algorithms, but much less than Mothur.  

 

(ii) Comparing execution time 

Time complexity describes the amount of time elapsed to run an algorithm. In this 

research, I compared the total execution time of each method used for processing 

sequences, which includes sequence alignment, clustering, classification and building OTU 

table or SV-feature table. I ran all sequence analyses using these methods on the same 

platform and machine with the same system configuration to not only be consistent with 

all processes, but also compare their effect on processor throttling (when it slows down the 

computer) and multithreading (when it uses multiple cores to speed up the process) 

performances.  

For processing ATCC Mock community data, the time taken by all clustering and 

denoising methods was too short and hence it was difficult to compare them. This is due to 

the size of the dataset being very small i.e. about ten thousand sequences per sample set. 

The execution time for all methods ranged from less than a second to 2 seconds. Natural 

community datasets, however, are big, ranging from 50 thousand to 4.5 million sequences. 

Their execution time, in this case, combines the total time elapsed for generating OTUs or 

SVs, taxonomy and building OTU table or SV-feature table. This processing time 

comparison is presented in the following two separate graphs, followed by a discussion 

below. 
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In the first graph below comparing the time complexity of clustering and denoising 

methods, all methods had different processing time measured as HH:MM (Hours:Minutes). 

Mothur constantly took the longest time for every dataset. Please note that ‘1’ value in the 

table above means that it took longer than a day. This is due to Mothur’s O(n2) complexity 

and also that it does not utilize multithreading functionality. Among other clustering 

methods, UPARSE showed time consistency for all datasets, although it was expected to 

show fluctuations with respect to the variations in size of the datasets. VSEARCH, 

UCLUST and CD-HIT showed competition to win the race of processing faster. Each of 

them had some exceptional cases in which they were slower than others for a particular 

dataset. CD-HIT was moderately slower than them all but yet faster than Mothur. Overall, 

there wasn’t a constant pattern.  
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Figure 32. Comparison of Time Complexity between Denoising and Clustering 
 

When comparing the time complexity of denoising methods to that of clustering methods, 

denoising was overall very consistent with respect to the size of sequence dataset. UNOISE 

(fastest among denoising methods) was often faster than most of the clustering methods 

and it competed with UCLUST and VSEARCH as well. Deblur was mostly faster than 

Swarm and Mothur but often slower than all other clustering methods. DADA2, being the 

slowest one among denoising methods, was yet faster than Mothur in many cases. Both of 

them have same O(n2) complexity, however DADA2 uses multithreading functionality that 
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Mothur does not. Overall, the heuristic greedy algorithms (UCLUST, CD-HIT, UPARSE, 

VSEARCH, Deblur and UNOISE) were much faster than the algorithms based on 

hierarchical clustering (Mothur, Swarm and DADA2). 

 

 

Figure 33. Comparison of Time Complexity between only Denoising methods 
 

In the second graph above comparing the processing time for only denoising 

methods, they showed a pattern. UNOISE was fastest, Deblur was slower than UNOISE 

but faster than DADA2, and DADA2 was the slowest denoising method. 
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1.4 Conclusion 

Beginning with the hypothesis testing, it is apparent that the first null hypothesis 

i.e. "SVs will produce a greater number of OTUs" has been rejected. Error! Reference 

source not found. and Error! Reference source not found. provide all numbers (total 

counts) of SVs and OTUs generated by Denoising and Clustering methods. As it was 

learned that unlike the clustering techniques that generate OTUs by condensing a group of 

identical sequences with a set 97% identity threshold, the denoising techniques merge 

identical sequences into unique sequences and after error correction further collapse them 

into unique sequence variants (SVs). Therefore, it is likely that Denoising will produce 

fewer SVs than the OTUs generated by Clustering, which was my first research hypothesis 

and it was quite evident in the above tables. Here, the only UPARSE among the clustering 

method that produced very low count of OTUs (fewer than SVs in some cases). This 

happens due to the singleton removal step in its pipeline, where it discards thousands or 

millions of reads with errors. The concern regarding this is that it may reduce sensitivity 

(true positive rate) in some cases. Please also note that UPARSE method in USEARCH 

creates alignment seeds of sequences which generate clusters based on percent identity, 

filters low abundance clusters, performs de novo and reference-based chimera detection. 

And that is why UPARSE produced such a low number of OTUs which was fewer than the 

number of SVs in some cases. 

Second null hypothesis i.e. "Denoising cannot produce fewer True Negatives than 

Clustering" has been rejected as well. On the basis of results from ‘(ii) Observed Species 

Richness’, it is apparent in Error! Reference source not found. and Error! Reference 
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source not found. that Denoising did not at all produce False Negatives (unidentified 

correct bacterial strains), while some of the clustering methods were producing False 

Negatives. Since Denoising always tends to identify the correct biological sequences, it 

works well in case of the samples with evenly distributed bacterial abundance. However, 

in case of the samples with staggered distributions, bacteria that are present in low 

abundance are very likely to be missed. Therefore, denoising methods may produce false 

positives in such cases and this was observed in Error! Reference source not found., 

Error! Reference source not found., Error! Reference source not found. and Error! 

Reference source not found.. Although, as clearly seen in above four tables, that only two 

of the three denoising methods (Deblur and UNOISE) had equal or more False Negatives 

than that of the denoising methods, DADA2 produced fewer False Negatives than 

traditional denoising methods (UCLUST, Mother, CD-HIT and Swarm). However, in 5 out 

of 8 cases, it produced more False Negatives than VSEARCH, but not in all cases. 

Similarly, in Error! Reference source not found. and Error! Reference source not 

found., UNOISE and DADA2 respectively did not produce False Negatives at all. Thus, 

the null hypothesis is not at all acceptable in more than a half of the scenarios, and hence 

it is rejected. 

The third null hypothesis i.e. "Denoising cannot result in better F-measure 

(accuracy) than Clustering" is rejected. F-measure or F1 score is calculated using Precision 

and Recall, which both depend on the numbers of True Positives (correctly identified), 

False Negatives (wrongly unidentified) and False Positives (wrongly identified). From 

previous research hypothesis, we learn that Denoising often produces fewer False 
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Negatives and more True Positives than Clustering. As Denoising tends to identify all 

biologically correct unique sequence variants (SVs), it can also produce some SVs in 

addition to and other than just the expected bacterial strains. This usually happens in case 

of the samples with staggered ratios of bacteria, which contain some large proportions and 

many extremely small proportions of expected bacterial strains. The F-measure results for 

the samples with staggered ratios of 20 bacteria, in Error! Reference source not found. 

and Error! Reference source not found., indicated that only two of the denoising methods 

(Deblur and UNOISE) scored lesser than all four traditional (UCLUST, Mother, CD-HIT, 

Swarm) and two state-of-the-art clustering (UPARSE and VSEARCH) methods. However, 

for the samples with staggered ratios of 10 bacteria, Error! Reference source not found. 

and Error! Reference source not found. showed that all three denoising methods have 

better F-measure (accuracy) than all four traditional clustering methods but not more than 

state-of-the-art clustering tools. Whereas in case of the samples with evenly sorted 10 or 

20 bacteria, such as in Error! Reference source not found., Error! Reference source 

not found., Error! Reference source not found. and Error! Reference source not 

found., F-measure results of Denoising tools (especially of DADA2 and Deblur) are better 

than that of all traditional clustering methods and are at the level of the accuracy of state-

of-the-art clustering methods. UPARSE was the only clustering method that consistently 

had better F-measure than all methods, but still DADA2 among denoising methods was at 

the same level of accuracy. Thus, again considering most of the scenarios, the null 

hypothesis has been rejected and my research hypothesis that "Denoising can have better 

F-measure (accuracy) than Clustering" is accepted. 
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The fourth null hypothesis i.e. "SVs will not produce more precise visualizations 

of phylogenetic tree than that generated by the OTUs" is rejected. From the visual analysis 

of a tree produced by each method in ‘(i) Phylogenetic Trees Comparison’, it is quite 

obvious that the high volumes of OTUs generated by most of the clustering methods 

(UCLUST, Mother, CD-HIT, Swarm and VSEARCH) produce a dense/bushy 

phylogenetic tree whereas all trees made from SVs inferred by the denoising methods 

(DADA2, Deblur and UNOISE) were precise and not busy. UPARSE was the only 

exception among clustering methods that produced very few OTUs and hence generated 

most simple and precise phylogeny. Trees produced by the SVs of all three denoising 

methods had sufficient taxonomic representatives for all species as well as the intra-species 

variations to show in the least crowded and most precise manner. As we also learned in my 

second research hypothesis that Denoising can identify the correct biological sequences 

and hence generate fewer False Negatives (unidentified correct bacterial strains), therefore 

the phylogenetic trees generated from their SVs are certainly very reliable. As these trees 

become shorter and shorter, they tend to show lesser nodes representing common ancestry 

(higher levels of taxonomy) between the root and the branches. However, UPARSE based 

trees did not need such a closer look at the nodes and branches as they all were quite easily 

visible. Hence although denoising based tree were often better than most of the clustering-

based trees, UPARSE being the only clustering tool produced better trees than any of the 

denoising tools. Thus, I accept the null hypothesis, rejecting my research hypothesis that 

SVs will produce a more precise visualization of phylogenetic tree than that generated by 

the OTUs, since UPARSE-OTUs showed better tree. 
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The fifth null hypothesis i.e. "SVs will not show better relative abundance 

distribution than OTUs" has been accepted. After comparing all methods by thoroughly 

observing their relative abundance chart for every single sample set of ATCC's mock 

community data in 'Relative Abundance Distribution', I inferred that all methods show 

much better results in relation to the expected bacterial abundances in case of the samples 

with the even distribution of bacteria than those with the staggered distribution. For the 

samples containing evenly sorted 10 bacteria taxa, the relative bacterial abundances by all 

state-of-the-art denoising methods (DADA2, Deblur, UNOISE) are corresponding to the 

expected bacterial abundance better than the state-of-the-art clustering methods (UPARSE 

and VSEARCH) and much better than traditional clustering methods (UCLUST, Mothur, 

CD-HIT and Swarm). For the samples containing evenly sorted 20 bacteria, the relative 

bacterial abundances by UNOISE among denoising methods and UPARSE among 

clustering methods showed their relative bacterial abundances corresponding very well to 

the expected bacterial abundance, while all other methods had some correspondence but 

were missing one or more bacteria. For the samples containing staggered ratios of 10 or 20 

bacteria, none of these methods showed good correspondence to the expected bacterial 

abundance. All three denoising methods and only two of the clustering methods (UPARSE 

and VSEARCH) showed all expected bacteria with major proportions while other 

clustering methods were again missing some of those important expected bacteria. So 

overall, Denoising method-based SVs showed better relative abundance distribution than 

that of the traditional clustering methods but not the latest clustering methods (UPARSE 

and VSEARCH). Also looking at the linear regression analysis results in the statistical 
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analysis section it was quite evident that UNOISE among denoising and both UPARSE 

and VSEARCH clustering methods often had the higher R-squared values than other 

denoising tools and traditional clustering tools. However overall, UPARSE and  

VSEARCH based OTUs with the highest R-squared values suggest that their relative 

abundance was the more corresponding to the expected bacterial abundance (Table 4) than 

that UNOISE and other denoising based SVs. Hence, accepting the null hypothesis. 

The sixth and the last null hypothesis in this chapter i.e. "Denoising has higher 

computational complexity than Clustering" is mostly rejected as it can either be same or 

sometimes may be a little less. To be fair in this comparison, according to the types of 

clustering algorithms they use, when methods with hierarchical clustering algorithms 

(Mothur, Swarm and DADA2) were compared to those with heuristic greedy algorithms 

(UCLUST, CD-HIT, UPARSE, VSEARCH, Deblur and UNOISE) it was observed that 

the computational complexity of the heuristic greedy algorithms which included two of the 

denoising methods was lower than that of the hierarchical clustering algorithms. Likewise, 

the heuristic greedy algorithms also used much less memory and storage space than the 

hierarchical clustering algorithms. So, two out of three denoising methods showed the same 

computational and space complexity as most of the clustering methods. Similarly, while 

comparing execution time for all methods, although there was no pattern seemed among 

clustering methods, it was observed that Mothur was the slowest of all and specifically 

among hierarchical clustering algorithms DADA2 and Swarm were faster than Mothur. 

DADA2 was slowest among denoising methods, but it was still much faster than Mothur 

and competing with Swarm. UNOISE was fastest among denoising methods as well as 
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faster than many clustering methods and also had speed competing with UCLUST and 

VSEARCH, which were fastest among clustering methods. Last but not the least, Deblur 

was faster than DADA2 but slower than UNOISE among denoising methods. It was faster 

at times than most of the clustering methods. Therefore, it will be incorrect to say that 

Denoising has higher computational, space and time complexity than Clustering. Thus, this 

null hypothesis is also rejected. 

Based on all above inferences, I conclude that Denoising has a great potential for 

accurate SV identification from a theoretically view as it uses 100% identity threshold and 

error-correction strategy which makes it more accurate and pragmatically as it competes 

with the traditional as well as the newest advance clustering methods / tools. However, 

Denoising seemed to have limitations in case of the samples with the staggered ratios of 

bacteria, especially for low their low proportions, and also in terms of speed, especially for 

DADA2, which often had more True Positives than others, but it was also the slowest 

among denoising methods. Similarly, UNOISE and Deblur are competitively faster than 

most of the clustering methods as well, however they still need some improvements to 

lower the False Negatives to be able to rule out the option of using clustering methods in 

the future. Among clustering strategies, there is a need for complete move to the state-of-

the-art tools, as it was quite apparent that the state-of-the-art clustering tools UPARSE and 

VSEARCH had a performed much better than all traditional clustering methods and at the 

same time they often competed with the denoising methods. UPARSE was often 

exceptionally better than all tools, especially in the generation of OTUs fewer than SVs 

and building even more precise phylogeny from that. However, VSEARCH still produced 
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more OTUs with many false positive (wrongly identified bacteria) that resulted in F1 scores 

(accuracy measure) lower than denoising methods and also comparatively very bushy 

phylogenetic trees. In the future if given some changes to VSEARCH algorithms for 

correcting errors and using 100% threshold like denoising strategies, it could perform better 

producing distinct and more accurate OTUs which may result in better phylogenetic trees 

and relative abundance distribution. UPARSE, on other hand, may need some more 

analysis using a variety of microbial samples and datasets ranging from a million to higher 

number of sequences in order to see whether it performs the same. 
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CHAPTER TWO – COMPARISON OF ONLINE SEQUENCE ANALYSIS 
TOOLS TO STATE-OF-THE-ART DENOISING AND CLUSTERING TOOLS 

In this chapter, I compared the state-of-the-art denoising and clustering tools with 

the online or server-based remotely accessed sequence analysis tools to see whether they 

are better alternatives to the offline or local machine-based computational tools for 

clustering and denoising. For this analysis purpose, I did the following comparisons: 

• Compared taxonomic assignments by the selected online sequence analysis tools, 

namely, BLASTN, Novel RDP-11 and One Codex. 

• Compared the accuracy of taxonomic analysis by online sequence analysis tools to 

that of the taxonomic profiling done by given denoising and clustering tools.  

 

The online or remote server-based sequence analysis tools such as BLASTN and 

One Codex used in this chapter will follow the same pipeline as it is given. Whereas the 

original pipeline of the RDP-11 program was improvised by adding some parameters such 

as bootstrap probability and abundance thresholds and then applying SINTAX for species 

level classification. This pipeline will be defined as Novel RDP-11 in this chapter and its 

detalied description can be found in the ‘Novel Approach using the RDP Bayesian 

Classifier and SINTAX’ section. 
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2.1 Research Question and Hypothesis 

My research questions are given below, followed by my research hypotheses –  

Can online sequence analysis tools precisely analyze taxonomy, phylogeny and diversity?  

How good are they as compared to the state-of-the-art clustering and denoising tools? 

Which of the online sequence analysis tools perform best? 

 

Research Hypothesis 1: Online sequence analysis tools extract the annotated biological 

sequences from the up-to-date reference databases, producing fewer False Negatives 

compared to that obtained by offline state-of-the-art denoising and clustering tools. 

Null Hypothesis 1: Online sequence analysis tools will produce more False Negatives 

(unidentified correct reads) than selected offline denoising and clustering tools. 

 

Research Hypothesis 2: Online sequence analysis tools may also produce many False 

Positives and thus can have lower F-measure (accuracy) than the offline denoising and 

clustering tools. 

Null Hypothesis 2: Online sequence analysis tools cannot have lower F-measure (accuracy) 

than the offline denoising and clustering tools. 

 

Research Hypothesis 3: Unique taxa extracted by the online sequence analysis tools can 

build a phylogenetic tree as precise as that generated by SVs. 

Null Hypothesis 3: Unique taxa extracted by the online sequence analysis cannot build a 

phylogenetic tree as precise as the SVs-based tree. 
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Research Hypothesis 4: Denoising tools will show better relative abundance distribution 

of species as compared to the Online sequence analysis tools. 

Null Hypothesis 4: Online sequence analysis will show better relative abundance 

distribution than that by the Denoising tools. 

 

Research Hypothesis 5: Online sequence analysis tools will be faster than offline 

computational tools in their given current state (i.e. running on different platforms). 

Null Hypothesis 5: Online sequence analysis tools are slower than offline computational 

tools for denoising and clustering. 

 

2.2 Experiment and Procedure 

In this chapter, there are three state-of-the-art denoising methods namely DADA2, 

Deblur and UNOISE and two state-of-the-art clustering methods namely UPARSE and 

VSEARCH, that will be compared with three popular online sequence analysis tools 

namely BLASTN, RDP-11 and One Codex. Details regarding each of these methods are 

given in the ‘  
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Computational Tools’ and ‘Online Database Searching and Sequence Analysis 

Tools’ sections above. ATCC Standards mock community data is being used in this chapter 

for testing accuracy of these methods, which is describe briefly in ‘Mock Community Data’ 

section above. 

All eight unique sample sets (given in Error! Reference source not found.) of this 

mock community data are processed by each online and offline state-of-the-art method / 

tool mentioned above. Their outcomes in the form of sequences were obtained and then 

used to generate phylogenetic trees as well as taxonomic assignment tables. Comparative 

analysis of these methods is done by evaluating their performances in the following results 

and discussion. 

 

2.3 Results and Discussion 

In this section, I present all results produced by each method using various mock 

samples sets. I have tabulated all of them accordingly and follow with a discussion on the 

comparisons between them for each and every sample set. I evaluated the performances of 

all methods and pipelines by checking results for the benchmark study (cluster quality 

assessment) and visual analysis of taxonomical assignments. However, computational 

complexity could not be compared since online sequence analysis tools are running on the 

remote server hosting their website where the computational resources are not defined. The 

state-of-the-art denoising and clustering tools to be compared with online tools are the 

offline computational tools which were natively installed on the local machine (MacBook 

Pro) and used to execute all scripts and programs. 
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2.3.1 Benchmark study 

In this study, I evaluate the performance of each online and offline tool mentioned 

above by comparing taxa distributions to the list of expected bacteria and their known 

abundance distribution in each sample set of the ATCC Standards mock community data. 

This study will be comprised of three analyses – first comparing unique sequence reads 

with inferred SVs and picked OTUs, secondly ‘the analysis of the observed species 

richness’ and finally ‘accuracy testing with F-measure’. 

 

(i) Comparing unique sequence reads with SVs and OTUs 

This analysis involves sequence library comparison, i.e. the comparison of the 

number of SVs inferred by denoising tools, OTU-representative sequences picked by 

clustering tools and the unique sequence reads generated by the online sequence analysis 

tools. The unique sequence reads will be called USRs for further convenience. 

The total numbers of SVs, OTUs and USRs generated by the state-of-the-art offline 

denoising tools (DADA2, Deblur, UNOISE), clustering tools (UPARSE, VSEARCH) and 

online sequence analysis tools (BLASTN, RDP-11 and One Codex) respectively using 

ATCC mock data sample sets are tabulated and compared below, followed by the 

discussion. 

 

Table 31. Number of SVs, OTUs and Unique Taxa generated by Denoising, Clustering and Online 
sequence analysis tools respectively. 
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Methods and 
Tools 
Used 

Sample sets  
(sequences) 

Denoising Clustering Online sequence analysis 
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PGM052_BactFT_A5  
(11,059) 53 64 38 12 452 16 12 16 

PGM052_BactFT_B5  
(11,053) 36 36 21 10 331 14 17 11 

PGM052_BactFT_C5  
(11,354) 63 77 52 21 633 24 26 26 

PGM052_BactFT_D5  
(13,265) 43 56 28 15 497 19 24 15 

PGM052_BactFT_E5  
(8,459) 48 58 35 12 422 16 13 15 

PGM052_BactFT_F5  
(9,355) 30 34 19 11 254 14 15 11 

PGM052_BactFT_G5  
(7,179) 50 77 48 21 475 23 25 25 

PGM052_BactFT_H5  
(9,145) 51 55 32 13 444 18 19 17 

Total (80,869) 122 77 137 24 1,720 29 40 37 
 

Here (in Table 31), all online tools and UPARSE among the offline computational tools 

produced much fewer Unique Taxa and OTUs respectively than all other denoising based 

SVs and VSEARCH based OTUs.  

 

(ii) Observed Species Richness 

This is the analysis of species richness i.e. a variety of species observed in a sample 

set. Observed species richness in this case will be analyzed by comparing a list of expected 
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species identified by different methods for each sample set. ATCC mock community data 

(QC stains from  

Table 1) is being used as standard for this analysis to compare clustering and 

denoising methods by evaluating them based on the taxonomic richness they show in their 

results.  

Each unique sample set (from Error! Reference source not found.) in the ATCC 

mock community dataset PGM052 were individually used in order to obtain specific results 

and then the whole dataset was processed for this analysis. Beginning with the first unique 

sample set below, I counted all True Positives and False Negatives. True Positives are the 

correctly identified strains from the list of expected species that are represented by ‘Yes’, 

while False Negatives are the unidentified strains from the list of expected species that are 

represented by ‘No’ (highlighted cells) in the tables below, whereas False Positives are the 

wrongly identified strains that were not amongst the expected species. For each of the 

following tables, all expected bacteria in a given ATCC sample are listed with their 

abundance percentage. 

 

Table 32. Observed Species Richness: ATCC sample PGM052_BactFT_A5 (10 Bacteria, Even Ratio) 
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Bacillus cereus 

(22.95%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis Yes Yes Yes Yes Yes Yes Yes Yes 
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(3.69%) 

Clostridium beijerinckii 

(32.06%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(8.13%) Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(4.74%) Yes Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli 

(11.46%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(4.00%) Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(4.87%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(4.52%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(3.58%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 10 10 10 10 10 10 10 10 

False Negatives 0 0 0 0 0 0 0 0 

False Positive 2 6 6 6 6 6 1 17 

 

In this case (Table 32) of a sample containing 10 bacteria with even distribution, all of the 

online and offline tools correctly identified all 10 expected bacteria.  

 

Table 33. Observed Species Richness: ATCC sample PGM052_BactFT_B5 (10 Bacteria, Staggered 
Ratio) 
 

Tools 
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Bacillus cereus 

(17.34%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(0.02%) Yes No Yes No No No No Yes 

Clostridium beijerinckii 

(2.43%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.05%) Yes No Yes No No No No Yes 

Enterococcus faecalis 

(0.03%) Yes No Yes Yes No No Yes Yes 

Escherichia coli 

(8.66%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(0.30%) Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(36.79%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(34.10%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(0.27%) Yes Yes Yes Yes No Yes Yes Yes 

         

True Positives 10 7 10 8 6 7 8 10 

False Negatives 0 3 0 2 4 3 2 0 

False Positive 7 7 3 4 3 5 1 17 

 

In this case (Table 33) of a sample containing 10 bacteria with staggered distribution, only 

One Codex and RDP-11 among online sequence analysis tools, VSEARCH among offline 

tools identified all 10 expected bacteria. Others missed more than 1 expected bacteria. 
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Table 34. Observed Species Richness: ATCC sample PGM052_BactFT_C5 (20 Bacteria, Even Ratio) 
 

Tools 
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Expected Species 
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Acinetobacter baumannii 

(14.80%) Yes Yes Yes Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(2.38%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacillus cereus 

(20.67%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(5.24%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.06%) Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(7.39%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(2.58%) Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(3.14%) Yes Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli 

(2.91%) Yes Yes Yes Yes No Yes Yes Yes 

Helicobacter pylori 

(2.31%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(5.92%) Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(1.09%) Yes Yes Yes Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(8.22%) Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.76%) Yes Yes Yes Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa Yes Yes Yes Yes Yes Yes Yes Yes 
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(2.07%) 

Rhodobacter sphaeroides 

(2.14%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(2.33%) Yes Yes Yes No Yes Yes Yes Yes 

Staphylococcus epidermidis 

(5.70%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(3.85%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(3.44%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 20 20 20 19 19 20 20 20 

False Negatives 0 0 0 1 1 0 0 0 

False Positive 6 4 6 5 4 7 2 34 

 
 

In this case (Table 34) of a sample containing 20 bacteria with even distribution, all three 

online sequence analysis tools (One Codex, BLAST and RDP-11), both offline clustering 

tools (UPARSE and VSEARCH) and only UNOISE among offline denoising tools 

correctly identified all 20 expected bacteria. Whereas, DADA2 and Deblur missed only 1 

bacterium each. 

 

Table 35. Observed Species Richness: ATCC sample PGM052_BactFT_D5 (20 Bacteria, Staggered 
Ratio) 
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Acinetobacter baumannii (0.26%) Yes Yes Yes Yes No No No Yes 

Actinomyces odontolyticus 

(0.01%) No No Yes No No No Yes No 

Bacillus cereus 

(6.46%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(0.04%) Yes No Yes Yes No No Yes Yes 

Bifidobacterium adolescentis 

(0.01%) No No Yes No No No No No 

Clostridium beijerinckii 

(9.03%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.03%) Yes No Yes No No No No Yes 

Enterococcus faecalis 

(0.01%) Yes No Yes No No No No Yes 

Escherichia coli 

(32.28%) Yes Yes Yes Yes Yes Yes Yes Yes 

Helicobacter pylori 

(0.03%) Yes No Yes No No No No Yes 

Lactobacillus gasseri 

(0.11%) Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(9.34%) Yes No Yes Yes No No Yes Yes 

Porphyromonas gingivalis 

(0.10%) Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.09%) Yes No Yes Yes No No No Yes 

Pseudomonas aeruginosa 

(2.49%) Yes Yes Yes Yes No No Yes Yes 

Rhodobacter sphaeroides 

13.72%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus aureus 

(1.68%) Yes Yes Yes Yes No Yes Yes Yes 

Staphylococcus epidermidis Yes Yes Yes Yes Yes Yes Yes Yes 
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(12.72%) 

Streptococcus agalactiae 

(1.50%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(10.09%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 18 12 20 15 9 10 14 18 

False Negatives 2 8 0 5 11 10 6 2 

False Positive 6 7 4 5 3 7 1 26 

 
 

In this case (Table 35) of a sample containing 20 bacteria with staggered distribution, only 

RDP-11 correctly identified all 20 expected bacteria. One Codex among the online 

sequence analysis tools, VSEARCH among the offline computational tools identified the 

next highest number of expected bacteria, while Deblur identified the lowest number. 

 

Table 36. Observed Species Richness: ATCC sample PGM052_BactFT_E5 (10 Bacteria, Even Ratio) 
 

Tools 

used 

Expected Species 

O
ne

 C
od

ex
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R
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V
SE

A
R

C
H

 

Bacillus cereus 

(22.95%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.69%) Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(32.06%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(8.13%) Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis Yes Yes Yes Yes Yes Yes Yes Yes 
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(4.74%) 

Escherichia coli 

(11.46%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(4.00%) Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(4.87%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(4.52%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(3.58%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 10 10 10 10 10 10 10 10 

False Negatives 0 0 0 0 0 0 0 0 

False Positive 3 6 5 4 3 8 1 21 

 

In this case (Table 36) of a sample containing 10 bacteria with even distribution, again all 

online and offline tools correctly identified all of the 10 expected bacteria.  

 

Table 37. Observed Species Richness: ATCC sample PGM052_BactFT_F5 (10 Bacteria, Staggered 
Ratio) 
 

Tools 

used 

Expected Species 

O
ne

 C
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R
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Bacillus cereus 

(17.34%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(0.02%) Yes No No No No No No No 

Clostridium beijerinckii 

(2.43%) Yes Yes Yes Yes Yes Yes Yes Yes 
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Deinococcus radiodurans 

(0.05%) Yes No Yes No No No No Yes 

Enterococcus faecalis 

(0.03%) Yes No Yes Yes No No No Yes 

Escherichia coli 

(8.66%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(0.30%) Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(36.79%) Yes Yes Yes Yes Yes Yes Yes Yes 

Staphylococcus epidermidis 

(34.10%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(0.27%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 10 7 9 8 7 7 7 9 

False Negatives 0 3 1 2 3 3 3 1 

False Positive 5 7 4 4 3 4 3 17 

 

In this case (Table 37) of a sample containing 10 bacteria with staggered distribution, only 

One Codex among online sequence analysis tools identified all 10 expected bacteria, while 

RDP-11 and VSEARCH couldn’t identify only 1 bacterium but still got the second highest 

number of bacteria among online and offline computational tools.  

 

Table 38. Observed Species Richness: ATCC sample PGM052_BactFT_G5 (20 Bacteria, Even Ratio) 
 

Tools 

used 

Expected Species 
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Acinetobacter baumannii 

(14.80%) Yes Yes Yes Yes Yes Yes Yes Yes 

Actinomyces odontolyticus 

(2.38%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacillus cereus 

(20.67%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(5.24%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bifidobacterium adolescentis 

(3.06%) Yes Yes Yes Yes Yes Yes Yes Yes 

Clostridium beijerinckii 

(7.39%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(2.58%) Yes Yes Yes Yes Yes Yes Yes Yes 

Enterococcus faecalis 

(3.14%) No Yes Yes Yes Yes Yes Yes Yes 

Escherichia coli 

(2.91%) Yes Yes Yes Yes Yes Yes Yes Yes 

Helicobacter pylori 

(2.31%) Yes Yes Yes Yes Yes Yes Yes Yes 

Lactobacillus gasseri 

(5.92%) Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(1.09%) Yes Yes Yes Yes Yes Yes Yes Yes 

Porphyromonas gingivalis 

(8.22%) Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.76%) Yes Yes Yes Yes Yes Yes Yes Yes 

Pseudomonas aeruginosa 

(2.07%) Yes Yes Yes Yes Yes Yes Yes Yes 

Rhodobacter sphaeroides 

(2.14%) Yes Yes Yes Yes No No Yes Yes 

Staphylococcus aureus 

(2.33%) Yes Yes Yes Yes Yes Yes Yes Yes 
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Staphylococcus epidermidis 

(5.70%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(3.85%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(3.44%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 19 20 20 20 19 19 20 20 

False Negatives 1 0 0 0 1 1 0 0 

False Positive 6 3 5 3 3 8 1 28 

 

In this case (Table 38) of a sample containing 20 bacteria with even distribution, only 

BLAST and RDP-11 among the online sequence analysis tools, DADA2 among the offline 

denoising tools and both offline clustering tools (USEARCH and VSEARCH) correctly 

identified all 20 expected bacteria. Others however could not identify only 1 bacterium. 

  

Table 39. Observed Species Richness: ATCC sample PGM052_BactFT_H5 (20 Bacteria, Staggered 
Ratio) 
 

Tools 

used 

Expected Species 
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 C
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Acinetobacter baumannii (0.26%) Yes Yes Yes Yes No No Yes Yes 

Actinomyces odontolyticus 

(0.01%) No No No No No No No No 

Bacillus cereus 

(6.46%) Yes Yes Yes Yes Yes Yes Yes Yes 

Bacteroides vulgatus 

(0.04%) Yes No Yes Yes No No Yes Yes 

Bifidobacterium adolescentis No No No No No No No No 
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(0.01%) 

Clostridium beijerinckii 

(9.03%) Yes Yes Yes Yes Yes Yes Yes Yes 

Deinococcus radiodurans 

(0.03%) No No No No No No No No 

Enterococcus faecalis 

(0.01%) No No No No No No No No 

Escherichia coli 

(32.28%) Yes Yes Yes Yes Yes Yes Yes Yes 

Helicobacter pylori 

(0.03%) Yes No Yes No No No No Yes 

Lactobacillus gasseri 

(0.11%) Yes Yes Yes Yes Yes Yes Yes Yes 

Neisseria meningitidis 

(9.34%) Yes No Yes Yes Yes Yes No Yes 

Porphyromonas gingivalis 

(0.10%) Yes Yes Yes Yes Yes Yes Yes Yes 

Propionibacterium acnes 

(0.09%) Yes No Yes Yes No No No Yes 

Pseudomonas aeruginosa 

(2.49%) Yes Yes Yes Yes No No Yes Yes 

Rhodobacter sphaeroides 

13.72%) Yes Yes Yes Yes No Yes Yes Yes 

Staphylococcus aureus 

(1.68%) Yes Yes Yes Yes No No No Yes 

Staphylococcus epidermidis 

(12.72%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus agalactiae 

(1.50%) Yes Yes Yes Yes Yes Yes Yes Yes 

Streptococcus mutans 

(10.09%) Yes Yes Yes Yes Yes Yes Yes Yes 

         

True Positives 16 12 16 15 9 10 12 16 

False Negatives 4 8 4 5 11 10 8 4 
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False Positive 3 6 6 4 3 7 0 21 

 

In this case (Table 39) of a sample containing 20 bacteria with staggered distribution, none 

of the online or offline tools could identify all 20 bacteria as expected (highlighted cells 

indicate missing taxa). One Codex and RDP-11 among online sequence analysis tools and 

VSEARCH among offline computational tools identified the highest number of expected 

bacteria, while Deblur got the fewest number.  

Overall in all of the above tables it was observed that the denoising methods and 

UPARSE often could not identify only the expected bacteria with a very low percent 

abundance, except E. coli that traditional clustering methods identified as different species 

under the genus name Shigella (such as Shigella sonnei, Shigella boydii and Shigella 

flexneri) or Enterobacter (with unknown species). It was also observed in each sample that 

only VSEARCH clustering method produced too many False Positives. 

Based on above total True Positives and False negatives, I calculated a Sensitivity 

(True Positive Rate) for each method and compared them in the table given below. 

Considering that the observed species richness will be more reliable in case of the samples 

with evenly distributed bacteria than that in case of the samples containing staggered ratios 

of bacteria, I also calculated a Sensitivity for the total of all evenly sorted bacteria as well.  

 

Table 40. Comparing Sensitivity by clustering, denoising and online sequence analysis tools for all 
samples and for samples with only even distribution 
 

 One 
Codex 

BLASTN RDP-
11 

DADA2 Deblur UNOISE UPARSE VSEARCH 
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For All 
Samples 0.9417 0.8167 0.95625 0.875 0.7417 0.775 0.8417 0.9417 

For Even 
Distribution 0.9833 1 1 1 0.9831 0.9833 0.9833 1 

 

Overall, it was observed that RDP-11 and One Codex among the online sequence 

analysis tools, DADA2 among denoising tools and VSEARCH among the clustering tools 

were correctly identifying all or most of the expected bacteria. After calculating a 

Sensitivity for each method to be compared, it was apparent that when considering all 

samples, One Codex and VSEARCH had almost equal to RDP-11’s highest true positive 

rates. Whereas, specifically for the samples containing only even distribution of bacteria, 

the online tools BLASTN and RDP-11, as well as DADA2 denoising tool and VSEARCH 

clustering tool a got perfect 1 value, and hence meaning their Miss Rate (False Negative 

Rate) was 0. 

Now, the observed species richness and sensitivity or miss rate only provide the 

analysis of True Positives (correctly identified strains) and False Negatives (unidentified 

correct strains), however for the accuracy testing purpose we also need to count the False 

Positives (identified wrong strains) and calculate the F-measure. 

 

 

 (iii) F-measure or F1 score 
 

Using formulas for Precision, Recall and F-measure given in chapter one – section 

‘(iii) F-measure or F1 score’, all calculations are done and shown in the following tables 

for testing accuracy of all online and offline tools to be compared in this chapter. Tables of 
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these F-measures for each ATCC Standards sample set are given below, followed by the 

discussion regarding each results table. There I signify F1 scores ranging from 0.60 to 0.69 

as ‘Decent’, 0.70 to 0.79 as ‘Good’, 0.80 to 0.89 as ‘Better’, 0.90 to 0.99 as ‘Excellent’, 

and 1 as ‘Perfect’, while anything below 0.60 is ‘Bad’. 

 

Table 41. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_A5 (10 Bacteria, Even Ratio) 
 

 
One 

Codex 
BLASTN RDP-11 DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.83 0.63 0.77 0.63 0.64 0.48 1.00 0.37 

Recall 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

F1 score 0.91 0.77 0.87 0.77 0.78 0.65 1.00 0.54 

Here (in Table 41), One Codex performed excellent while other two online tools (BLASTN 

and RDP-11) as well as two of the denoising tools (DADA2 and Deblur) were good, 

UNOISE was decent, VSEARCH was bad and only UPARSE of the clustering tools turned 

out to be the best with perfect F1 value as highlighted (and also perfect precision and recall).  

 

Table 42. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_B5 (10 Bacteria, Staggered Ratio) 
 

 
One 

Codex 
BLASTN 

RDP-

11 
DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.59 0.50 0.91 0.67 0.67 0.58 0.89 0.37 

Recall 1.00 0.70 1.00 0.80 0.60 0.70 0.80 1.00 

F1 score 0.74 0.58 0.95 0.73 0.63 0.64 0.84 0.54 
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Here (in Table 42), only RDP-11 performed excellent while One Codex among the online 

tools, DADA2 among denoising was good, Deblur and UNOISE among others were decent 

and VSEARCH among clustering tools. BLASTN performed bad, whereas UPARSE was 

the best of all methods (highlighted).  

 

Table 43. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_C5 (20 Bacteria, Even Ratio) 
 

 
One 

Codex 
BLASTN 

RDP-

11 
DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.77 0.83 0.95 0.79 0.83 0.74 0.90 0.37 

Recall 1.00 1.00 1.00 0.95 0.95 1.00 0.95 1.00 

F1 score 0.87 0.91 0.98 0.86 0.88 0.85 0.93 0.54 

Here (in Table 43), all methods performed better with F1 scores greater than 0.8, while 

BLAST being excellent and the best among online tools while RDP-11 being the best 

among all tools with highest F1 score (also precision and perfect recall).  

 

Table 44. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_D5 (20 Bacteria, Staggered Ratio) 
 

 
One 

Codex 
BLASTN 

RDP-

11 
DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.75 0.63 0.90 0.75 0.75 0.59 0.93 0.39 

Recall 0.9 0.60 0.90 0.75 0.45 0.50 0.70 0.90 

F1 score 0.82 0.62 0.90 0.75 0.56 0.54 0.80 0.55 

 

Here (in Table 44), RDP-11 performed excellent, One Codex of the online tools and 

UPARSE out of the offline computational tools performed much better with F1 scores 
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greater than or equal to 0.80 while DADA2 among denoising was good. BLASTN among 

online tools performed decent whereas Deblur and UNOISE among offline tools and 

VSEARCH among clustering tools performed bad with F1 score below 0.60. 

 

Table 45. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_E5 (10 Bacteria, Even Ratio) 
 

 
One 

Codex 
BLASTN 

RDP-

11 
DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.77 0.63 0.83 0.71 0.77 0.56 0.91 0.32 

Recall 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

F1 score 0.87 0.77 0.91 0.83 0.87 0.71 0.95 0.49 

 

Here (in Table 45), online tools One Codex and RDP-11 as well as the denoising tools 

DADA2 and Deblur performed much better than other online tool BLASTN, a denoising 

tool UNOISE which was good and a clustering tool VSEARCH was bad. But again, 

UPARSE turned out to perform the best with highest F1 value (also precision and perfect 

recall). 

 

Table 46. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_F5 (10 Bacteria, Staggered Ratio) 
 

 One 
Codex 

BLASTN RDP-
11 

DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.67 0.50 0.75 0.67 0.70 0.64 0.70 0.35 

Recall 1.00 0.70 0.90 0.80 0.70 0.70 0.70 0.90 

F1 score 0.80 0.58 0.82 0.73 0.70 0.67 0.70 0.50 
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Here (in Table 46), the online tools RDP-11 and One Codex performed better than all others 

whereas the offline tools DADA2, Deblur and UPARSE were good. Offline tools UNOISE 

was decent while VSEARCH and BLASTN tools performed bad with F1 score below 0.60.  

 

Table 47. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_G5 (20 Bacteria, Even Ratio) 
 

 One 
Codex 

BLASTN RDP-
11 

DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.76 0.87 0.95 0.87 0.86 0.70 0.95 0.42 

Recall 0.95 1.00 1.00 1.00 0.95 0.95 1.00 1.00 

F1 score 0.84 0.93 0.98 0.93 0.90 0.81 0.98 0.59 

 

Here (in Table 47), all other methods performed much better with F1 scores greater than 

0.8, while specifically RDP-11 and BLASTN among online tools, UNOISE among offline 

denoising tools and UPARSE among offline clustering tools were excellent. RDP-11 and 

UPARSE yet again turned out to be the best among all methods, while VSEARCH was the 

only tool that performed bad with F1 score below 0.60.  

 

Table 48. F-measure results to compare online and offline computational tools using ATCC sample 
PGM052_BactFT_H5 (20 Bacteria, Staggered Ratio) 
 

 
One 

Codex BLASTN 
RDP-

11 DADA2 Deblur UNOISE UPARSE VSEARCH 

Precision 0.84 0.67 0.89 0.79 0.75 0.59 1.00 0.43 

Recall 0.80 0.60 0.80 0.75 0.45 0.50 0.60 0.80 

F1 score 0.82 0.63 0.84 0.77 0.56 0.54 0.75 0.56 
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Here (in Table 48), among the online tools, BLASTN performed decent, while RDP-11 

and One Codex were better. Among offline computational tools, DADA2 and UPARSE 

performed good whereas VSEARCH, Deblur and UNOISE were bad with F1 score below 

0.60. One Codex was best of all methods in this case. 

 

In all of the above cases except for the last two sample sets with staggered ratios of 

10 and 20 bacteria, most of the offline computational tools obtained better F1 scores than 

the online sequence analysis tools, however, the online tools were often competitive. 

Overall in terms of F1 scores, RDP-11 and UPARSE had been the best performing tools, 

with the highest accuracy along with sometimes perfect value at 1 i.e. perfect values for 

precision and recall. Specifically, among the online tools, RDP-11 got the highest F1 score 

in most cases, while BLASTN got higher F1 score than both One Codex in case of the 

sample sets with evenly sorted 20 bacteria. 

 

2.3.2 Visual Analysis 

In this analysis, I compare the phylogenetic trees generated using USRs produced 

by different online sequence analysis tools with each other and then to those generated 

using SVs and OTUs produced by offline state-of-the-art denoising and clustering tools, as 

shown in chapter one. And next, I observe the relative abundance distributions of all 

species generated by each method and compare them against the expected bacterial 

abundance distribution.  
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(i) Phylogenetic Trees Comparison 
 

As discussed in the first chapter, phylogenetic tree or phylogeny represents the 

evolutionary or taxonomic relationships among a set of organisms or descendant taxa. It 

begins with a root that represents the main ancestor and ends with all possible branches 

showing the descendants (organisms at specific taxonomic level, such as species) at the 

tips and common ancestors at every node.  

For the phylogenetic trees built using SVs and OTUs that were generated by 

denoising and clustering tools, please check section ‘(i) Phylogenetic Trees Comparison’ 

of Chapter One. ATCC mock datasets are primarily used to make phylogenetic trees from 

SVs and OTUs. However, for the Unique taxa generated by the online sequence analysis 

tools using same ATCC mock datasets it is not directly possible to use those unique 

taxonomic units. In order to generate the phylogenetic trees for the unique taxa obtained 

by using online tools one needs to pick representative sequences from each unique taxon. 

One such example is given below where I built a phylogenetic tree for the unique taxa 

produced by RDP-11. Please note that for the convenience, I have labeled them with the 

bootstrap confidence, taxonomic name and the unique sequence ID. Similarly, other 

phylogenetic trees for BLASTN and One Codex based unique taxa could be generated. 

Looking at the first ATCC Standards sample set “PGM052_BactFT_A5” (from Error! 

Reference source not found.) for instance.  
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Figure 34. Phylogenetic tree made from unique taxa generated by RDP11 
 

Overall, if we just compare the phylogenetic tree representations of denoising based 

SVs, clustering based OTUs and Online tool based Unique taxa, we can see that Online 

tool-based trees are much clearer than both clustering-based and denoising-based trees. 

VSEARCH-based trees were very dense and bushy whereas all denoising-based and 

UPARSE-based trees were quite clear and simple.  
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(ii) Relative Abundance Distribution 

As mentioned in the first chapter, the relative abundance distribution describes the 

relation between species abundance distributions among multiple fields of study, which in 

this research will be various online and offline tools under study.  

In this research analysis, I compare the online sequence analysis tools and offline 

computational tools using their relative abundance distribution of the bacterial species in 

each of the given sample sets. Since all of the expected species and their distribution is 

already known, this would help me better in making concrete inferences. For the samples 

with staggered distributions of 10 or 20 bacteria, I used an abundance cutoff at 0.1%. This 

is not a statistical cutoff but solely based on the number of reads in each sample (i.e. ~10 

thousand). Therefore, only those above 0.1% bacterial abundances in a sample (i.e. > 10 

reads per sample of about 10,000 reads) will be considered as expected major bacterial 

abundances. In samples with the staggered distributions of 10 or 20 bacteria, the bacteria 

with low abundances below the cutoff will be not as important and hence can be neglected 

if they were not identified by any of the online sequence analysis tools or offline 

computational tools for clustering and denoising. 

Sample PGM052_BactFT_A5 is being analyzed for instance in the following bar chart. 
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Figure 35. Comparing Relative Abundances for sample PGM052_BactFT_A5 (10 Bacteria, Even 
Ratio) 

 

Overall in Figure 35, the relative bacterial abundances by all online and offline tools are 

corresponding very well to the expected bacterial abundance. Most closely matching to the 

expected bacterial abundance are the abundance distributions by BLASTN and RDP-11 

among online tools, all denoising tools and VSEARCH out of the clustering tools. 

 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Expected
%

One Codex BLASTN RDP-11 DADA2 Deblur UNOISE UPARSE VSEARCH

Sample PGM052_BactFT_A5 (10 Bacteria, Even Ratio) - Relative 
Abundances

Bacillus_cereus Bifidobacterium_adolescentis Clostridium_beijerinckii

Deinococcus_radiodurans Enterococcus_faecalis Escherichia_coli

Lactobacillus_gasseri Rhodobacter_sphaeroides Staphylococcus_epidermidis

Streptococcus_mutans



161 
 

 

Figure 36. Comparing Relative Abundances for sample PGM052_BactFT_B5 (10 Bacteria, 
Staggered Ratio) 

 

Here in Figure 36, for the staggered distribution of bacteria also all of these tools show the 

relative bacterial abundances corresponding well to the expected bacterial abundance. All 

online and offline tools show the expected major abundances of Clostridium beijerinckii, 

Lactobacillus gasseri, Rhodobacter sphaeroides and some Staphylococcus epidermidis that 

are above the abundance cutoff (0.1%) with almost same ratios as in Expected %.  
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Figure 37. Comparing Relative Abundances for sample PGM052_BactFT_C5 (20 Bacteria, Even 
Ratio) 

 

Overall in Figure 37, the relative bacterial abundances by three offline tools, UNOISE, 

UPARSE and VSEARCH are corresponding very well to the expected bacterial abundance, 

while other offline tools and all online tools also have nearly similar relative abundance. 

However, DADA2 and Deblur are missing Staphylococcus aureus and Escherichia coli 

respectively, and all other clustering methods are missing both of these bacteria. 
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Figure 38. Comparing Relative Abundances for sample PGM052_BactFT_D5 (20 Bacteria, 
Staggered Ratio) 

 

Here in Figure 38, due to the staggered distribution of bacteria, the predicted bacterial 

proportions by most of these tools are not as in the expected proportions. However, all of 

the online and offline tools except VSEARCH have their bacterial abundances 

corresponding well to the expected abundance.  
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Figure 39. Comparing Relative Abundances for sample PGM052_BactFT_E5 (10 Bacteria, Even 
Ratio) 

 

Here in Figure 39, the relative bacterial abundances by all methods are corresponding very 

well to the expected bacterial abundance, while BLASTN and RDP-11 among online 

sequence analysis tools and VSEARCH among offline computational tools show the 

almost congruent relative abundance as expected.  
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Figure 40. Comparing Relative Abundances for sample PGM052_BactFT_B5 (10 Bacteria, 
Staggered Ratio) 

 

Here in Figure 40, due to the staggered distribution of bacteria, the predicted bacterial 

proportions by most of these tools are not as in the expected proportions. All online and 

offline tools show the expected major abundances of Clostridium beijerinckii, 

Lactobacillus gasseri, Rhodobacter sphaeroides and some Staphylococcus epidermidis that 

are above the abundance cutoff (0.1%) with almost same ratios as in Expected %.  
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Figure 41. Comparing Relative Abundances for sample PGM052_BactFT_G5 (20 Bacteria, Even 
Ratio) 

 

Here in Figure 41, the relative bacterial abundances by all methods correspond well to the 

expected bacterial abundance. However, One Codex among online tools is missing 

Enterococcus faecalis, Deblur and UNOISE among denoising tools are missing 
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Rhodobacter sphaeroides, and UPARSE among clustering tools is missing Bacteroides 

vulgatus.  

 

Figure 42. Comparing Relative Abundances for sample PGM052_BactFT_H5 (20 Bacteria, 
Staggered Ratio) 

 

Here in Figure 42, yet again due to the staggered distribution of bacteria, the predicted 

bacterial proportions by most of these tools are not as in the expected proportions. Although 

still all three online tools and DADA2, UPARSE and VSEARCH among offline tools show 
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all of the expected major bacterial abundances, whereas Deblur and UNOISE are missing 

Staphylococcus aureus out of the expected bacteria with smaller proportions. 

 

2.3.3 Statistical Analysis 

In this analysis, I initially compared all relative abundance distributions generated 

by each method against the expected bacterial distribution using linear regression and 

computed the R-squared values indicating how well they correspond. The raw rankings can 

be found in Appendix “S2_-_split_ATCC_randomly.xlsx”.  I did a couple of additional 

tests to validate some of the specific comparisons – first by using combined samples and 

secondly by partitioning each sample set into multiple folds to perform F1 score 

calculations and validate their concordance with the previous results. For the F1 score 

calculations, I will be comparing the results of the state-of-the-art denoising and clustering 

tools with just the RDP-11 the online tools due to the fact that BLASTN takes very long 

time to process each partitioned sub-sample and it was not feasible for all of the partitioned 

data for the given time limitation of this analysis. As previously noted, One Codex is a 

commercial online tool and requires license purchasing and was not available for this 

comparison. 

 

 (i) Linear Regression 
 

Since above all relative abundance charts are subjective and may have some 

observation bias, we performed a linear regression analysis, i.e. a linear approach to 

estimate the correlation between two independent distributions. It is used to determine 
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whether two samples are having the same distribution. In this analysis, the paired datasets 

or the two samples tested against each other are the expected distribution in the given 

ATCC mock community sample and the bacterial distribution predicted by the clustering 

or denoising method. The raw rankings can be found in Appendix “S2_-

_split_ATCC_randomly.xlsx”. I used this to further compare the R-squared values to 

evaluate the performance of each method. In each case, two abundances i.e. the normalized 

abundances of the expected bacterial abundance (Table 4) on one side and on the other side 

the distribution estimated by one of the methods to be compared every time. Following R-

squared values were obtained after performing Linear Regression on the relative abundance 

distributions observed after each method for the ATCC samples as showed in visual 

analysis charts above. I also got the average of these R-squared values.  

 

Table 49. Linear regression analysis to compare online sequence analysis tools and offline computational tools 
using separate ATCC samples. Each R-squared value represents the correlation between expected and predicted 
distributions. 
 

 
One 

Codex BLASN 
RDP-

11 DADA2 Deblur UNOISE UPARSE VSEARCH 

Even 10 
(A5) 0.051 0.756 0.665 0.288 0.002 0.373 0.737 0.721 

Stagger 10 
(B5) 0.567 0.547 0.506 0.379 0.449 0.507 0.505 0.589 

Even 20 
(C5) 0.083 0.697 0.627 0.255 0.316 0.648 0.604 0.687 

Stagger 20 
(D5) 0.230 0.166 0.066 0.060 0.076 0.116 0.305 0.011 

Even 10 
(E5) 0.055 0.766 0.680 0.517 0.304 0.717 0.701 0.713 

Stagger 10 
(F5) 0.616 0.585 0.537 0.358 0.471 0.528 0.541 0.598 

Even 20 
(G5) 0.100 0.702 0.630 0.387 0.270 0.662 0.693 0.746 

Stagger 20 
(H5) 0.295 0.169 0.084 0.083 0.059 0.272 0.292 0.094 
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Average 0.249 0.549 0.474 0.291 0.243 0.478 0.547 0.520 

 

Here in Table 49, greater the R-squared value better is the correspondence between 

expected and predicted distributions. As we can see, BLASTN had the highest R-squared 

value overall which means that its relative abundance was the most corresponding to the 

expected bacterial abundance (Table 4). UPARSE and VSEARCH had next higher R-

squared values and often highest among the offline tools. RDP-11 and UNOISE also had 

reasonably high R-squared value. 

(ii) Combined and Partitioned Data Analysis 
 

In order to further compare the state-of-the-art denoising and clustering tools with 

the online sequence analysis tools, first I combined two samples of the same kind into a 

single sample set, forming 4 sample sets from 8 samples. Sample set ATCC_Even_10 

combines sample A5 and E5, ATCC_Stagger_10 combines sample B5 and F5, 

ATCC_Even_20 combines sample C5 and G5, ATCC_Stagger_20 combines sample D5 

and H5. I used these sample sets now to crosscheck if they produce the same results as we 

observed above while comparing state-of-the-art denoising and clustering methods. 

 

Table 50. Linear regression analysis to compare online sequence analysis tools and offline computational tools 
using combined sample sets 
 

 One 
Codex BLASN RDP-

11 DADA2 Deblur UNOISE UPARSE VSEARCH 

ATCC_Even_10  0.174 0.749 0.726 0.538 0.299 0.745 0.759 0.832 

ATCC_Stagger 10  0.425 0.564 0.532 0.383 0.471 0.521 0.517 0.589 

ATCC_Even 20  0.028 0.696 0.691 0.245 0.335 0.674 0.647 0.766 
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ATCC_Stagger_20  0.003 0.206 0.155 0.073 0.080 0.130 0.340 0.348 

Average 0.158 0.554 0.526 0.310 0.296 0.517 0.566 0.633 

 

Here in Table 50, we can see that for the sample sets with evenly distributed 10 bacteria 

(ATCC_Even_10), staggered ratios of 10 bacteria (ATCC_Stagger_10) and evenly 

distributed 20 bacteria (ATCC_Even_20), all methods except One Codex and Deblur had 

a great correlation, suggesting that their relative abundance most corresponded to the 

expected bacterial abundance (Table 4). In the staggered ratios of 20 bacteria 

(ATCC_Stagger_20), all methods had lower R-squared values. However, upon taking the 

average, we see that overall, they all performed very well except One Codex. BLASTN, 

RDP-11, UNOISE and UPARSE had reasonably high R-squared values, while VSEARCH 

had the highest R-squared value, suggesting highest correspondence between their relative 

abundance and the expected bacterial abundance. 

Second step in this analysis was using partitioned data, in which I split each sample 

set (~20 thousand sequences) into 10-12 folds depending on the total size of the sample 

set, such that each fold (or a subset) will contain 2000 sequences.  Note, the last subset in 

each set that will have less than 2000 sequences. I performed a benchmark analysis on each 

subset and calculated F1 scores (accuracy measure) for each method in each and every 

sample subset. F1 scores are for the accuracy measurements was calculated using Precision 

and Recall that are based on the estimation of True Positives (correctly identified), False 

Positives (wrongly identified) and False Negatives (mistakenly unidentified). I performed 

these calculations for each subset obtained by partitioning a sample set and there are four 
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such sample sets given below. Their results are shown below (with highest F1 scores being 

highlighted), followed by the discussion. 

 

Table 51. F1 scores for tools using partitioned subsets of ATCC_Even_10 sample set 
 
 DADA2 Deblur UNOISE UPARSE VSEARCH RDP-11 
1 0.8 0.8421 0.9 0.9 0.8695 1 
2 0.8571 0.8421 0.9523 0.8889 0.7407 0.9090 
3 0.8571 0.9 0.9 1 0.8 0.9523 
4 0.9 0.8571 0.8571 0.9523 0.8695 0.9523 
5 0.7619 0.8 0.8571 0.9523 0.8333 0.9523 
6 0.9 0.9 0.8571 0.9 0.8333 1 
7 0.8181 0.9 0.8571 1 0.7407 1 
8 0.8181 0.8571 0.8571 0.8571 0.8695 0.9523 
9 0.9 0.9 0.8571 0.9473 0.8695 0.9090 
10 0.9 0.8 0.9 0.9 0.8695 1 
Average 0.8512 0.8598 0.8795 0.9298 0.8295 0.9627 

 

Here in case (Table 51) of the split subsets obtained by partitioning ATCC sample set with 

evenly distributed 10 bacteria, after computing and comparing F1 scores we see that both 

computational clustering and denoising tools as well as RDP-11 had excellent accuracy.  

 

Table 52. F1 scores for tools using partitioned subsets of ATCC_Stagger_10 sample set 
 
 DADA2 Deblur UNOISE UPARSE VSEARCH RDP-11 
1 0.5556 0.4 0.5556 0.7778 0.7273 0.8235 
2 0.7059 0.5714 0.5556 0.7778 0.8182 0.7778 
3 0.7778 0.5333 0.5 0.625 0.75 0.7778 
4 0.7059 0.5333 0.5 0.7778 0.6364 0.8571 
5 0.7 0.5333 0.5333 0.75 0.6957 0.8421 
6 0.6667 0.5333 0.5 0.6667 0.7273 0.7778 
7 0.6667 0.5333 0.5333 0.625 0.7273 1 
8 0.5882 0.5 0.5882 0.75 0.6667 0.8889 
9 0.6667 0.5333 0.5333 0.7778 0.8182 0.7778 
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10 0.7778 0.5333 0.4706 0.625 0.6 0.8235 
11 0.4286 0.3333 0.3333 0.5714 0.7368 0.7778 
Average 0.6582 0.5035 0.5094 0.7022 0.7185 0.8295 

 

Here in case (Table 52) of the split subsets obtained by partitioning ATCC sample set with 

staggered distribution of 10 bacteria, computed F1 scores of RDP-11 were higher than all 

while others also had good F1 scores. 

 

Table 53. F1 scores for tools using partitioned subsets of ATCC_Even_20 sample set 
 
 DADA2 Deblur UNOISE UPARSE VSEARCH RDP-11 
1 0.8889 0.6667 0.8125 0.9714 0.878 1 
2 0.8485 0.8 0.8125 0.9714 0.9 1 
3 0.8889 0.7742 0.8125 0.9143 0.9231 1 
4 0.8824 0.7742 0.7742 0.9143 0.8780 0.6667 
5 0.8125 0.8125 0.8485 0.9444 0.9000 0.973 
6 0.9143 0.8 0.8125 0.9412 0.9474 1 
7 0.9143 0.7333 0.8125 0.9412 0.9231 0.973 
8 0.8824 0.7097 0.7879 0.9143 0.9 1 
9 0.8485 0.8 0.8485 0.9412 0.9474 0.973 
10 0.8125 0.4348 0.5 0.8 0.9231 0.973 
Average 0.8693 0.7305 0.7822 0.9254 0.912 0.9559 

 

Again, in case (Table 53) of ATCC sample set with evenly distributed of 20 bacteria, the 

results are similar to the previous table. Here computed F1 scores of RDP-11 as well as of 

the state-of-the-art clustering methods (UPARSE and VSEARCH) were higher, while the 

denoising methods also had good F1 scores.  
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Table 54. F1 scores for tools using partitioned subsets of ATCC_Stagger_20 sample set 
 
 DADA2 Deblur UNOISE UPARSE VSEARCH RDP-11 
1 0.5185 0.5385 0.5 0.6429 0.7429 0.7742 
2 0.5714 0.5185 0.5185 0.6429 0.7222 0.7586 
3 0.5714 0.5385 0.4615 0.6667 0.7059 0.7742 
4 0.5185 0.4615 0.5185 0.6154 0.8 0.7333 
5 0.5 0.48 0.5385 0.5926 0.7059 0.8125 
6 0.5517 0.5185 0.5 0.5385 0.6875 0.7273 
7 0.5185 0.5385 0.5185 0.5926 0.6471 0.7742 
8 0.5185 0.48 0.5 0.5714 0.7368 0.8125 
9 0.5 0.5385 0.5185 0.6154 0.6842 0.8125 
10 0.5185 0.5385 0.5185 0.6154 0.6667 0.9091 
11 0.5185 0.48 0.5185 0.6154 0.6857 0.7097 
12 0.4167 0.2857 0.4167 0.4167 0.6667 0.6667 
Average 0.5185 0.493 0.5023 0.5938 0.7043 0.7721 

 

Here due to the staggered distribution of 20 bacteria where the abundance distribution or 

the proportion of some expected bacteria is very low and hence, they often get unidentified 

by some methods which results in increased False Negatives. That is the reason in this case 

that all methods got lower F1 scores, however that of RDP-11 is still higher than all. 

 

Overall, RDP-11 had the highest measure of accuracy than all other tools in most 

of the scenarios, which proves that the novel approach of using RDP Classifier-based 

bootstrap values above a specific threshold (0.8 or 80% in this case) with appropriate 

abundance cutoff (0.1%) can significantly improve the performance of taxonomic 

profiling. 
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2.3.4 Computational Complexity 

Computational cost and required memory or storage space could not be compared 

since online sequence analysis tools are running on the remote server hosting their website 

with unknown computational resources. The state-of-the-art denoising and clustering tools 

to be compared with online tools are the offline computational tools which were natively 

installed on the local machine (MacBook Pro) and used to execute all scripts and programs. 

Apparently, both of these local machine and remote server/supercomputer have drastically 

different system configurations, it will not be fair to compare their performances and tools 

executed on them. Additionally, there is a very limited to almost no information available 

on how much space complexity these online tools have on the remote servers. However, 

since users may certainly want to compare the processing time taken by the online tools 

versus offline tools. 

In this research, I compared the time complexity for all of the offline state-of-the-

art denoising and clustering tools and the online sequence analysis tools used for processing 

sequence data, which includes sequence alignment, clustering/denoising, taxonomic 

classification and building OTU table (post-clustering) or SV-feature table (post-

denoising) or USRs with Abundance table (by online sequence analysis tools). Using 

ATCC Mock community sequence data for processing, I got the execution time measured 

as mm:ss (i.e. Minutes : Seconds) for each tool to be compared and put that in a graph 

shown below, followed by the data table for further comparison and discussion. 

 



176 
 

 

Figure 43. Comparison of Time Complexity between Online and Offline tools 
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Table 55. Total Execution Time (mm:ss) for processing ATCC Standards sample sets and complete 
data 
 

Sample sets (sequences) D
A

D
A

2 

D
eb

lu
r 

U
N

O
IS

E
 

U
PA

R
SE

 

V
SE

A
R

C
H

 

BL
A
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N

 

R
D

P-
11

 

O
ne

 C
od

ex
 

PGM052_BactFT_A5 (11,059) 07:00 01:23 00:09 18:55 00:09 27:00 00:37 00:01 

PGM052_BactFT_B5 (11,053) 02:00 01:18 00:08 18:23 00:07 27:00 00:37 00:01 

PGM052_BactFT_C5 (11,354) 02:00 01:20 00:09 19:22 00:10 28:00 00:38 00:01 

PGM052_BactFT_D5 (13,265) 02:00 01:23 00:09 19:19 00:10 33:00 00:44 00:01 

PGM052_BactFT_E5 (8,459) 03:00 01:28 00:08 19:02 00:07 21:00 00:28 00:01 

PGM052_BactFT_F5 (9,355) 02:00 01:29 00:07 19:00 00:06 23:00 00:31 00:01 

PGM052_BactFT_G5 (7,179) 02:00 01:26 00:07 18:40 00:06 18:00 00:24 00:01 

PGM052_BactFT_H5 (9,145) 02:00 01:30 00:08 19:03 00:08 23:00 00:30 00:01 

Complete ATCC Std. (80,869) 08:00 02:33 00:31 20:31 02:01 22:00 04:31 00:10 

 

In this table for the comparison of the execution period of the tools to be compared, 

it is quite clear that each type of method has a very fast tool as well as a slow tool. Among 

denoising tools for instance, DADA2 which was inferred as most accurate denoising 

method is in the slowest one, while the fastest one among them is UNOISE and Deblur 

was moderate. Similarly, between two clustering tools, VSEARCH is faster than UPARSE, 

which is in fact due to the difference in their taxonomic annotation algorithms. And 

likewise, among the online sequence analysis tools, One Codex was the fastest, while 

BLASTN was the slowest one and RDP-11 was moderate. The slowest two of all tools are 

UPARSE and BLASTN which consistently took same amounts of time, ranging from 18 

to 21 minutes and 18 to 33 minutes respectively.  



178 
 

Overall, between online tools and offline denoising and clustering tools, One Codex 

is the fastest, followed by UNOISE and VSEARCH. However, both UNOISE and 

VSEARCH run on the local machine and One Codex runs on the remote 

server/supercomputer. Therefore, these two offline tools could be faster than One Codex if 

compared on the same platform.  

 

2.4 Conclusion 

The first null hypothesis i.e. "Online sequence analysis tools will produce more 

False Negatives than selected offline denoising and clustering tools" has been rejected. On 

the basis of results from ‘(ii) Observed Species Richness’ in chapter two, it is quite apparent 

that in the case of the samples with even distribution of bacteria, the online sequence 

analysis tools did not produce False Negatives (unidentified correct bacteria), while some 

of the offline tools were producing False Negatives. However, in the case of the samples 

with staggered distributions, since some of the bacteria have very low proportions, they are 

very less likely to be identified and all tools were producing more False Negatives. It can 

be clearly seen in all tables for samples with staggered distributions, that One Codex had 

the least False Negatives compared to all of the online and offline tools. Also, other online 

tools (BLASTN and RDP-11) produced less False Negatives than some of the offline tools. 

Thus, the null hypothesis is false in more than a half of the scenarios, and hence it is 

rejected. 

The second null hypothesis i.e. "Online sequence analysis tools cannot have lower 

F-measure (accuracy) than the offline denoising and clustering tools" is rejected. From my 
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previous research hypothesis, we determined that online tools (especially One Codex) often 

produced less False Negatives and more True Positives than offline denoising and 

clustering tools. However, as these online database-searching and sequence analysis tools 

tend to extract enormous amounts of USRs, they are also most likely to produce many 

False Positives along with all True Positives (in case of samples containing even 

distribution of bacteria) as well as some False Negatives (in case of samples containing 

staggered distribution of bacteria). Since F-measure or F1 score is calculated using 

Precision and Recall, which both depend on the numbers of True Positives (correctly 

identified), False Negatives (wrongly unidentified) and False Positives (wrongly 

identified), there is a higher possibility that online sequence analysis tools will have lower 

F-measure due to the greater numbers of False Positives. In this research, it was observed 

in all cases except the last two sample sets with staggered ratios of 10 and 20 bacteria, that 

most of the offline computational tools produced better F1 scores than the online sequence 

analysis tools, although some online tools were competitive. But overall in terms of F1 

scores, offline clustering UPARSE was the best performing tool with perfect values (1.0) 

with some analyses i.e. the highest accuracy along with perfect values for precision and 

recall. None of the online tools produced a perfect 1 value of F-measure in all cases of the 

given sample sets. Thus, considering that online sequence analysis tools certainly produced 

some False Positives and hence had lower F-measure (accuracy) than the offline denoising 

and clustering tools, the null hypothesis has been rejected. 

The third null hypothesis i.e. "Unique taxa extracted by the online sequence 

analysis cannot build a phylogenetic tree as precise as the SVs-based tree." has been 
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rejected. Table 31 provides all numbers (total counts) of SVs, OTUs and Unique taxa 

generated by Denoising, Clustering and Online Sequence Analysis tools. As it was learned 

in the first chapter, Clustering techniques produce OTUs by condensing a group of identical 

sequences with a 97% identity threshold while Denoising techniques first merge identical 

sequences into unique sequences and then performs error correction to further collapse 

sequencing reads into unique sequence variants (SVs). Online Sequence Analysis tools use 

private or public reference databases to annotated sequences and compress them to a set of 

taxonomic assignments that are fewer than the set of extracted unique sequences in the 

preliminary stages of clustering and denoising. Therefore, it is generally observed that 

Online Sequence Analysis tools producing fewer taxonomic units than clustered OTUs.  

The latter generate a very bushy and somewhat messy phylogenetic tree which does not 

provide a precise visualization of taxonomy and phylogenetic relationships between taxa 

at the branch tips as well as to the common ancestors at the nodes. One needs to zoom very 

deep into each and every bushy branch of the tree for complete visualization of 

relationships. In the case of Denoising (and UPARSE), the SVs-based trees are less bushy 

with a more precise phylogeny than VSEARCH and all traditional clustering-based trees. 

In contrast, the online tools based phylogenetic trees were the least bushy and most precise. 

Thus, we reject the null hypothesis which supports my research hypothesis that Unique 

taxa extracted by the online sequence analysis tools can build a phylogenetic tree as precise 

as that generated by SVs. 

The fourth null hypothesis i.e. "Online sequence analysis will show better relative 

abundance distribution than that by the Denoising tools" is accepted. After comparing all 
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methods by thoroughly observing their relative abundance chart for every single sample 

set of ATCC's mock community data in 'Relative Abundance Distribution', I inferred that 

all methods show much better results with respect to the expected bacterial abundances of 

the samples with the even distribution of bacteria than those with staggered distribution. 

For the samples containing even distributions of 10 bacteria, the relative bacterial 

abundances by online and offline tools correspond very well to the expected bacterial 

abundance. BLASTN and RDP-11 among online sequence analysis tools and VSEARCH 

among offline computational tools show the almost congruent relative abundance. For the 

samples containing evenly sorted 20 bacteria, the relative bacterial abundances by 

BLASTN and RDP-11 among online sequence analysis tools, UNOISE among denoising 

methods and UPARSE among clustering methods showed their relative bacterial 

abundances corresponding very well to the expected bacterial abundance, while all other 

methods had some correspondence but were missing one or more bacterial taxa. For the 

samples containing staggered ratios of 10 or 20 bacteria, none of these methods show the 

relative bacterial abundances that corresponded well to the expected bacterial abundance.  

However, in case of staggered 10 bacteria, all three denoising and both clustering tools 

showed all expected bacteria with major proportions, while in case of staggered 20 bacteria, 

all online tools showed all expected bacteria with major proportions. So overall, both online 

and offline tools show better relative abundance distribution than each other whether using 

sample with even or staggered distribution as well as the number of bacteria taxa. Looking 

at the Linear Regression results in the statistical analysis section, it was observed that 

BLASTN and RDP-11 among the online tools and both clustering tools UPARSE and 
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VSEARCH had the overall highest R-squared values than all denoising tools and One 

Codex. This suggests that the relative abundance showed by denoising tools does not 

corresponded as good as others (Table 4) to the expected bacterial abundance, and hence 

the null hypothesis is accepted. 

The fifth null hypothesis i.e. "Online sequence analysis will be slower than 

denoising and clustering" is rejected. Between offline computational tools for clustering 

and denoising the computational space and time complexity depends on the type of 

algorithm they are using, and hence they can be compared with each other. There is a very 

limited information available on the algorithms and resources used for the online sequence 

analysis tools as they are running on the remote server/ supercomputer. This is in contrast 

to our offline computational tools for clustering and denoising that are being executed on 

the local machine (MacBook Pro). Therefore, it will not be a fair comparison between them 

all. However, considering their current performance as the ground for comparison, it was 

observed that One Codex was the fastest and BLASTN was the slowest one among the 

online tools as well as all online and offline tools. The other online tool RDP-11, is 

moderately faster than DADA2 and UPARSE offline tools, as well as moderately slower 

than Deblur and UNOISE offline tools. Thus, we cannot say that online sequence analysis 

will be slower than denoising and clustering. Thus, this null hypothesis is also rejected. 

Based on all above inferences, I conclude that Online sequence analysis tools could 

be great alternatives to offline denoising and clustering tools in some cases, although in a 

few cases it was seen that online tools still need some improvements, since denoising and 

clustering tools offered better results in those cases. One codex has been the only online 
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tool which consistently provided better and faster results than most of the offline 

computational tools used, although the main limitation was that it is a commercial tool and 

has very limited access to the free/trial accounts. The main advantage of this online tool 

was that it not only provided excellent results, precision, sensitivity and F1 scores, but also 

produced results within a few seconds for datasets with < 1 million sequences, while other 

tools were taking longer. However, in some cases, it did not provide the relative 

abundances as good as that of denoting and clustering tools, although in those cases 

BLASTN and RDP-11 were shown to be much better in producing relative bacterial 

abundances corresponding very well to the expected bacterial abundance. Among offline 

computational tools, overall in terms of F1 scores, offline clustering UPARSE was the best 

performing tool, with sometimes perfect value at 1, while all denoising tools and 

VSEARCH among clustering tools most frequently showed better relative bacterial 

abundances corresponding very well to the expected bacterial abundance.  

When comparing their computational, space and time complexity, I also determined 

that online tools are hosted by the remote severs and supercomputer to do all of the 

sequence data processing, whereas offline computational tools are running on the local 

machines and hence they process slower compared to online tools. Therefore, if they are 

executed on the similar platforms then they may have a better scope to provide their results 

as fast as One Codex. Likewise, One Codex which provided excellent results with great 

accuracy testing F1 scores, needs algorithm improvements to offer better relative 

abundance distributions compared to other tools. 
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CHAPTER THREE – APPLICATION OF RDP-11 BOOTSTRAP ANALYSIS 
AND THE STATE-OF-THE-ART DENOISING AND CLUSTERING TOOLS IN 

THE ANALYSIS OF THE NATURAL MICROBIAL COMMUNITY DATA 

In this chapter, I utilized a novel RDP-11 based Bootstrapping that incorporates 

SINTAX to define species and compare this to other state-of-the art denoising and 

clustering tools to analyze the natural microbial community data. Additionally, we compare 

these results with each other in order to deduce the microbial diversities in the complex 

natural samples. For this analysis, I did the following: 

• Taxonomic profiling of each of the natural community dataset using a novel RDP-

11 bootstrap analysis and the latest versions of denoising and clustering tools 

• Compared their results after taxonomic assignment  

• Performed diversity analysis within each as well as between different groups of 

samples for each natural community dataset.  

 

3.1 Research Goals 

My primary research goal was to evaluate the performances of each denoising, 

clustering and binning tool along with their respective pipelines used for taxonomic 

profiling and compare their individual results. The second goal was to evaluate the 

microbial diversity analysis by using the overall estimated taxonomic profiles of the 

microbial communities from the complex environmental samples. The ultimate goal was 
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to utilize these strategies to produce publishable results for the NACSELD and Skin 

Microbiome datasets (Error! Reference source not found.). 

 

3.2 Experiment and Procedure 

In this chapter, I used three state-of-the-art denoising methods, namely DADA2, 

Deblur and UNOISE and two state-of-the-art clustering methods namely UPARSE, and 

VSEARCH and compared these with a novel RDP-11 based bootstrapping approach. 

Details regarding each of these methods are given in the ‘  
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Computational Tools’ and ‘Online Database Searching and Sequence Analysis 

Tools’ sections above. Using these tools, all of the natural community datasets (listed in 

Error! Reference source not found.) were processed for taxonomic profiling. 

Representative sequences were obtained and then used to generate phylogenetic trees as 

well as relative abundance tables. After evaluating their performances based on their 

careful comparisons, anticipated microbial distributions with the overall taxonomic 

profiles for each natural community data were determined. Furthermore, alpha and beta 

diversity analysis was performed that includes two case studies as shown later in the 

following results and discussion. 

Following two research papers were published based on the case studies discussed 

in this chapter’s section 3.3.3 Diversity Analysis. These case studies described below are 

based on NACSELD and Skin Microbiome datasets (Error! Reference source not 

found.).  

1. Alterations in Skin Microbiomes of Patients with Cirrhosis. (Bajaj 2019) 

2. Association Between Intestinal Microbiota Collected at Hospital Admission and 

Outcomes of Patients with Cirrhosis. (Bajaj 2019) 

 

3.2.1 Case Study I 

Purpose – To investigate whether the intestinal microbiota of the hospitalized cirrhosis 

patients at admission correlates with those transferred to the ICU and those who died within 

30 days.  
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Clinical data contained stool samples from 181 patients (43% infected). Results of the 

clinical tests were reviewed and validated after the 16S rRNA microbiome data analysis 

(alpha and beta diversity analysis e.g. LEfSe, PCoA, etc.) as well as a regression analysis 

(microbial vs clinical variables) that is discussed in the conclusion part of this chapter. 

 

3.2.2 Case Study II 

Purpose – To investigate the relationship between alterations in skin microbiota and the 

intestinal microbiota of cirrhosis patients.  

Clinical data contained swab samples from 7 different sites on skin as well as blood and 

stool samples of 20 healthy (control) and 50 cirrhosis patients. Results of the clinical tests 

(chromatography & mass spectrometry for BAs serum levels and ELISA for autotoxin) 

and network statistics for interactions between both itch modulators (BAs and autotoxin) 

were reviewed and validated after the 16S rRNA microbiome data analysis (taxonomic 

profiling and diversity analysis) that is discussed in the conclusion part of this chapter. 

 

 

3.3 Results and Discussion 

In this section, I present all results produced by each method using various natural 

community datasets. I have tabulated all of them accordingly and follow with a discussion 

on the comparisons between them. I evaluated the performances of all methods and 

pipelines by checking results for the benchmark study and visual analysis of taxonomical 

assignments. And finally, I used their results to conclude with the diversity analysis. 
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3.3.1 Benchmark Study 

In this study, I evaluate the performance of each method and their tools by 

comparing their predicted taxa for each of the natural community datasets. This study will 

be comprised of two analyses – first comparing unique sequence reads with inferred SVs 

and picked OTUs, and second estimating taxonomic distributions by comparing their 

Phylum-level and then species richness and abundance. 

 

 

(i) Comparing SVs and OTUs with the novel RDP-SINTAX based unique taxa. 

This analysis involves sequence library comparison, i.e. the comparison of the 

number of SVs inferred by denoising tools, OTU-representative sequences picked by 

clustering tools and the unique Genus-bins generated by the RDP Bayesian classifier. 

Further a set of Species-representative sequences was generated for each of the unique 

Genus-bins using SINTAX as shown in the following column of the table given below. 

The total numbers of SVs and OTUs generated by the state-of-the-art offline denoising 

tools (DADA2, Deblur, UNOISE), clustering tools (UPARSE, VSEARCH) as well as the 

RDP11-based unique Genus-bins and SINTAX-based Species rep-set (representative 

sequence set) predicted for the list of natural community datasets are tabulated and 

compared below, followed by the discussion. 

 



189 
 

Table 56. Number of SVs, OTUs and Unique Taxa generated by Denoising, Clustering and RDP11-based 
bootstrapping respectively. 
 

Methods 
used 

 
 
Datasets 
(sequences) 

State-of-the-art Denoising Clustering RDP-SINTAX 
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NACSELD data subset 
PGM061_set5 (9,089) 167 48 63 164 1,072 41 118 

PURI_PGM062_set1 
(1,335,410) 2,588 1,909 1,826 839 58,459 38 666 

PURI_PGM069_set2 
(2,602,669) 

4,943 2,512 3,001 929 85,992 30 770 

PURI_PGM073_set2 
(54,431) 

374 227 355 267 2,502 28 172 

PURI_PGM073_set3 
(2,519,104) 3,875 1,908 2,412 740 57,773 14 550 

NACSELD full dataset 
(4,470,989) 

6,334 4,604 5,701 1,386 129,202 45 1084 

EVPP643_PGM077 
(455,584) 

7,265 2,140 5,111 7,622 87,762 53 1060 

 

Here in Table 56, RDP Bayesian based Genus bins are the groups of unique Genera such 

that each Genus bin consists of all sequences with the same Genus-level assignment. 

Although these were the fewest in each case, they cannot be directly compared to SVs and 

OTUs which have species-level assignments. Therefore, the Species representative 

sequences extracted from these unique Genus bins were then compared to the denoised 

SVs and clustered OTUs. Hence, RDP-SINTAX based novel approach and UPARSE 

among the computational produced much fewer Unique Taxa and OTUs respectively than 

all other tools. 
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(ii) Comparing Phylum-level and Species richness and abundance. 

The above benchmarking study of the number of SVs, OTUs and unique taxa 

comparison needed a further in-depth analysis of the taxonomic distributions from distinct 

Phyla to the unique Genera and up to the Species-level assignments. In this study, first I 

compared the Phyla richness and abundance predicted by different denoising and clustering 

tools and RDP Bayesian approach for each of the natural community datasets.  

 

For an instance, beginning with the smallest natural community dataset, NACSELD 

data subset PGM061_set5 (9,089 reads) that produced total 167, 48 and 63 SVs using 

DADA2, Deblur and UNOISE, then 164 and 1072 OTUs using UPARSE and VSEARCH, 

as well as 41 unique Genera and 118 Species using RDP-SINTAX approach. Upon 

comparing them all, following Venn diagram was generated based on their predicted 

common and uncommon taxa.  
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Figure 44. Venn diagram representing common and uncommon taxa predicted by the compared tools using 
NACSELD subset 

 

Here in Figure 44, RDP-SINTAX predicted 118 species rep-set is a subset of both 

DADA2 and UPARSE partly. However, VSEARCH predicted too many taxa with 96 

unknowns (represented as NA) therefore it was not included in this Venn diagram. 

Further details about the Phyla (richness – taxonomic variety) and the number of SVs, 

OTUs or Genus-bins per Phylum (abundance) are given below. 

 

Table 57. Phyla richness and abundance distributions predicted by the compared tools using NACSELD subset 
 

Phyla (richness) DADA2 Deblur UNOISE UPARSE VSEARCH RDP-11 
Acidobacteria    1 1  
Actinobacteria 2   1 18 2 
Bacteroidetes 73 39 44 38 318 8 
Firmicutes 73 6 12 103 583 28 
Fusobacteria 2  1 3 7 2 
Proteobacteria 11 3 6 15 64 6 
Saccharibacteria 1   1  1 
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Synergistetes 1   1 2 1 
Tenericutes 1   1 3  
Verrucomicrobia 1    2 1 
NA 2    96  

 

Here in Table 57, DADA2, UPARSE and RDP-11 identified taxa seem to be consisting of 

all ideal Phyla, whereas Deblur and UNOISE missed some of them and VSEARCH 

predicted additional Phyla with many unidentified organisms (i.e. taxonomic noise). 

 

I investigated further to the species levels, where it was observed that the OTUs 

and SVs generated by the clustering and denoising tools often produced multiple identical 

species. This happens since the OTUs still contain sequencing errors while the unique SVs 

differ by as little as one nucleotide leading to the intra-species variations. For example, 

using only one organism at a time in the NACSELD subset e.g. ‘Bacteroides caccae’ 

(Phylum: Bacteroidetes), when denoising and clustering outcomes were compared their 

SVs and OTUs respectively with 2 and 13 copies of Bacteroides caccae were observed. 

However, RDP-SINTAX based species representative had only single sequence copy. 

 

Table 58. NACSELD subset organism ‘Bacteroides caccae’ with 2 SVs by DADA2 
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Table 59. NACSELD subset organism ‘Bacteroides caccae’ with 13 OTUs by VSEARCH 
 

 

 

As discussed here the complete NACSELD dataset and other natural community 

datasets were used for both of the benchmark studies and also the following analyses. 

Further details are provided in the supplementary materials given in the Appendix. 

 

 

3.3.2 Visual Analysis 

In this analysis, I first compared the phylogenetic trees generated by the denoising 

inferred SVs, clustering picked OTUs and RDP-SINTAX based unique taxa, as the shown 

in chapter two. Then I compare the observed taxonomic richness, and finally I present the 

relative abundance distributions of all species generated by each of the tools to be 

compared.  
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(i) Phylogenetic Trees Comparison 

As discussed in the first chapter, phylogenetic tree or phylogeny represents the 

evolutionary or taxonomic relationships among a set of organisms or descendant taxa. It 

begins with a root that represents the main ancestor and ends with all possible branches 

showing the descendants (organisms at specific taxonomic level, such as species) at the 

tips and common ancestors at every node. This comparative analysis can be found in 

“Error! Reference source not found.” of Chapter One’s section (i) Phylogenetic Trees 

Comparison. 

 

 

(ii) Observed Taxonomic Richness 

Taxonomic richness is represented by a variety of taxa observed in a sample, 

whereas the number of individuals per taxon signifies the abundance of an entity per 

taxonomic classification identified in that sample. In this comparative analysis, these 

entities are OTUs, SVs and Genus-bins generated by clustering, denoising and RDP-11 

based novel approach, respectively. RDP-SINTAX based novel approach and the state-of-

the-art tools used for clustering and denoising were compared using a variety of phyla that 

they identified (i.e. Phylum-level richness) along with the abundance of their respective 

taxonomic units such as Bins, OTUs and SVs, respectively. 
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For each of the natural community datasets, the observed taxonomic richness charts 

given below, it was clearly seen that most of the taxa (listed on the left) were correctly 

identified by all of the tools, however the number of SVs, OTUs and Genus-bins varied. 

Despite of the variable abundances of these general taxonomic units, the concurrence of 

the identified taxa up to the Genus-levels help in making subjective inferences. Moreover, 

all objective conclusions were made after the following comparative analysis using the 

Relative Abundance Distribution. 

 

 

Figure 45. Observed Taxonomic Richness estimation by RDP11, denoising and clustering tools using NACSELD 
dataset 
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Figure 46. Observed Taxonomic Richness estimation by RDP11, denoising and clustering tools using PURI data 
set1 
 

 

Figure 47. Observed Taxonomic Richness estimation by RDP11, denoising and clustering tools using PURI data 
set2 
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Figure 48. Observed Taxonomic Richness estimation by RDP11, denoising and clustering tools using EVPP643 
class dataset 
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(iii) Relative Abundance Distribution 

As mentioned in the first chapter, the relative abundance distribution describes the 

relation between species abundance distributions among multiple fields of study, which in 

this research will be various online and offline tools under study.  

 

In this research analysis, I compare the novel RDP-SINTAX based bootstrapping 

approach to the state-of-the-art denoising and clustering computational tools using the 

relative abundance distribution of their predicted bacterial species in each of the natural 

community datasets. Since the expected species and their distributions are not known for 

the natural community data, I compared their relative bacterial distributions predicted by 

each method/tool to make concrete inferences about the overall expected abundance.  

 

As we can see in the following charts for all of the natural community datasets, the 

relative abundance distributions of the bacteria predicted by each and every method and 

respective tools are corresponding well with each other, which gives us an overall 

estimation of the bacterial distribution to be expected in each of the real microbial 

community data samples. 
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Figure 49. Comparing RDP11 with denoising and clustering tools to estimate the microbial relative abundances 
for NACSELD dataset 

 

Here in Figure 49, we can clearly see that the most abundant bacteria observed and hence 

ideally present in the given samples of NACSELD dataset are Firmicutes, Bacteroides, 

Actinobacteria and Proteobacteria. There are also other bacteria but in lesser abundance 

and hence may vary. Also, DADA2 had some and Deblur had very few unidentified 

organisms with unknown taxa represented as <NA> in the chart, whereas UNOISE, 

UPARSE and RDP-11 identified all organisms in the PURI set 1, and VSEARCH, however 

not included in this chart, had too many unidentified organisms. 
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Figure 50. Comparing RDP11 with denoising and clustering tools to estimate the microbial relative abundances 
for PURI set1 

 

Here in Figure 50, we can observe that the most abundant bacteria observed and hence 

ideally present in the given samples of PURI set 1 are Firmicutes, Bacteroides, 

Actinobacteria, Proteobacteria and Fusobacteria. There are also other bacteria but in lesser 

abundance and hence may vary. There are also other bacteria but in lesser abundance and 

hence may vary. Also, DADA2 and Deblur both had some unidentified organisms with 

unknow taxa represented as <NA> in the chart, whereas UNOISE, UPARSE and RDP-11 

identified all organisms in the PURI set 1, and VSEARCH, however not included in this 

chart, had too many unidentified organisms. 
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Figure 51. Comparing RDP11 with denoising and clustering tools to estimate the microbial relative abundances 
for PURI set2 

 

Here in Figure 51, we can observe that the most abundant bacteria observed and hence 

ideally present in the given samples of PURI set 2 are Firmicutes, Bacteroides, 

Actinobacteria, Proteobacteria and Fusobacteria. There are also other bacteria but in lesser 

abundance and hence may vary. There are also other bacteria but in lesser abundance and 

hence may vary. Also, DADA2 and Deblur had some unidentified organisms with unknow 

taxa represented as <NA> in the chart. 

Similarly, PURI set 3 consisted of the same bacterial abundance distributions. 
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Figure 52. Comparing RDP11 with denoising and clustering tools to estimate the microbial relative abundances 
for EVPP643 dataset 
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In this EVPP643 class’ soil & sediments data samples, a diverse range of bacteria was 

observed that most prominently contain Proteobacteria, Bacteroides, Acidobacteria, with 

moderately abundant Actinobacteria, Cyanobacteria, Chlorofexi and other bacteria but in 

lesser abundance that also vary between different methods or tools. Again, DADA2 had 

some and Deblur had very few unidentified organisms with unknow taxa represented as 

<NA> in the chart, whereas UNOISE, UPARSE and RDP-11 identified all organisms in 

this EVPP643 dataset, and VSEARCH, however not included in this chart, had too many 

unidentified organisms. 

 

 

3.3.3 Diversity Analysis 

Post-taxonomic profiling analysis involves Alpha and Beta diversity analyses. 

Alpha diversity analysis compares microbial distribution within a specific group of patient 

samples whereas Beta diversity analysis compares microbial distribution between two or 

more groups of patient samples. I focused on the NACSELD and Skin Microbiome datasets 

(Error! Reference source not found.), the two main case studies described in section 3.2 

Experiment and Procedure of this chapter are discussed after the diversity analysis. In this 

analysis, I examine the LDA Effect Size (LEfSe) plots and the Principal Coordinate 

Analysis (PCoA) plots to measure the distance (dissimilarity) and correlation (similarity) 

between different types of patient samples.  
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(i) Linear Discriminant Analysis Effect Size (LEfSe)  

LEfSe algorithm is a high-end biomarker discovery program used to identify the 

genes, pathways, or taxonomic features characterizing the differences between two or more 

microbial classes or environments (biological conditions). As I previously compared the 

taxonomic diversity per sample for each of the natural community datasets by using 

different methods and respective tools, I compare the taxonomic diversity between the 

microbial sample groups in this analysis.  

 

In the NACSELD dataset for instance, following LEfSe plots were generated and 

examined to compare the microbial diversity in three main classes – 

I. Dead or hospice patients VS alive NACSELD-ACLF patients 

II. Infected VS non-infected NACSELD-ACLF patients 

III. NACSELD-ACLF patients with 2nd infection VS no infection 

 

According to the clinical trials it was observed that out of the total hospitalized 

Cirrhosis patients only 8% developed ACLF, 16% were transferred to ICU and 21% died, 

while 43% were infected.  In the following LEfSe plots we can clearly see the microbial 

taxa that were statistically more abundant in a class compared to at least one of the other 

classes. 
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Figure 53. LEfSe analysis of NACSELD-ACLF samples of patients who are Dead/Hospice, Alive and unknown 
 

Here in this first class (Figure 53), several genus-level taxa of phyla Firmicutes and 

Proteobacteria identified by all of the computational tools and RDP-SINTAX approach are 

associated with the dead or hospice patients. List of specific family-level taxa was taken to 

compare with other results in this research. 
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Figure 54. LEfSe analysis of NACSELD-ACLF patient samples with infection, no infection and unknown data 
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Figure 55. LEfSe analysis of NACSELD-ACLF patient samples with the 2nd level infection, no infection and 
unknown data 

 

In both of the second and third classes (Figures 54-55), several genus-level taxa of phyla 

Firmicutes and Proteobacteria identified by all of the computational tools and RDP-

SINTAX approach are associated with the infected patients. List of the compared family-

level taxa based on the negative outcomes were Enterococcaceae, Streptococcaceae, 

Enterobacteriaceae, Campylobacteriaceae and Pasteurellaceae, specifically, whereas 

Lachnospiraceae and Clostridiales were associated with no infections or reducing risks. 

 

(ii) Principal Coordinate Analysis (PCoA) 

In this type of Beta diversity analysis (comparison between patient sample groups), 

a 3-dimensional plot called PCoA plot is used to represent the similarity measurements 

between sample groups. Thus, I generated PCoA plots for three classes discussed in LEfSe 

analysis and also for additional classes based on the organ failure assessment.  
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In NACSELD study, the acute-on-chronic liver failure (ACLF) was scored to 

predict the 30-day survival or mortality rate of the hospitalized Cirrhosis patients. 

NACSELD-ACLF patients were transferred to ICU upon second infection (fungal, 

bacterial or both) and also monitored if they survived or died within 30 days. Organ failures 

were assessed by Circulatory Shock (artery pressure <60 mmHg), Grade 3/4 Hepatic 

Encephalopathy (HE), Renal Rx (for dialysis) and Respiratory Mechanical Ventilation 

(MV) studies. PCoA plots for all of these classes are given below, followed by the 

discussion based on their comparisons. 

 

 

Figure 56. PCoA plot for Cirrhosis patients suffering from ACLF upon their hospital admissions 
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Figure 57. PCoA plot for Cirrhosis patients with first bacterial or fungal infection after hospitalization 
 

 

Figure 58. PCoA plot for Cirrhosis patients with second infection that independently increases a mortality rate 
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Figure 59. PCoA plot for Cirrhosis patients admitted to the intensive care unit (ICU) 
 

 

Figure 60. PCoA plot for Cirrhosis patients’ survival or death within 30 days period 
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Figure 61. PCoA plot for organ failures assessed by Circulatory Shock (artery pressure <60 mmHg) 
 

 

Figure 62. PCoA plot for organ failures assessed by Grade III/IV Hepatic Encephalopathy (HE) development in 
Cirrhosis patients 
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Figure 63. PCoA plot for organ failure with renal disfunction 
 

 

Figure 64. PCoA plot for organ failures assessed by Respiratory Mechanical Ventilation (MV) 
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Overall in these PCoA plots (Figures 56-64), beta diversity between positive and 

negative outcomes of patient samples was different however the alpha diversity within each 

class was similar. Following observations were briefly made based on above PCoA plots:  

- In Figure 55 – very few patient samples developed ACLF. 

- In Figure 56 – almost half of the total patient samples were infected. 

- In Figure 57 – very few patients got second infections. 

- In Figure 58 – some patients with ACLF and infection were transferred to ICU. 

- In Figure 59 – most patients survived but some died within 30 days period. 

- In Figure 60 – some organ failures were linked to Circulatory Shock conditions.  

- In Figure 61 – very few patients developed grade 3/4 Hepatic Encephalopathy (HE). 

- In Figure 62 – some patients had renal disfunction, but most did not. 

- In Figure 63 – very few patients were on respiratory mechanical ventilator. 

All of these plots extrapolate that there were associations between the hospitalized cirrhosis 

patients and those who developed ACLF or any other organ failures, to those who got 

infections and then admitted to ICU, as well as with those died within 30 days. 

 

 

3.4 Conclusion 

The results and discussions based on the comparison of RDP-SINTAX approach 

and state-of-the-art denoising and clustering tools done prior to the section 3.3.3 Diversity 

Analysis of this chapter, it was inferred that all of the methods and their respective tools 

predicted the same bacterial abundance distribution. However, using a novel RDP-
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SINTAX approach, we were able to get better precision than denoising or clustering. 

Again, the RDP Bayesian approach was able to assign taxonomy up to the Genus-levels 

only and further species level classification was done using SINTAX so we could compare 

the results to the SVs and OTUs analysis. However, when comparing Phylum to Genus 

level richness the RDP-11 based bootstrapping approach generated better results with 

fewer and more precise taxa without any repeated copies (taxonomic noise) such as that 

were seen amongst SVs and OTUs produced by denoising and clustering methods 

respectively. 

 

In alpha diversity analysis and LEfSe charts, it was observed that bacterial families 

Enterococcaceae and Streptococcaceae of phylum Firmicutes as well as the families 

Enterobacteriaceae, Campylobacteriaceae, and Pasteurellaceae of phylum Proteobacteria 

were associated with the negative outcomes such as infections, ACLF development and 

dead or hospice patients. In beta diversity analysis and PCoA plots, it was clearly seen that 

the intestinal microbiota of the hospitalized cirrhosis patients corresponded well with the 

intestinal microbiota of those who developed ACLF or any other organ failures, to those 

who got infections and then admitted to ICU, as well as with those died within 30 days. 

Also from Skin microbiome datasets, I inferred that the microbial imbalance of specifically 

intestinal microbiota in the cirrhosis patients are associated with the skin microbiome 

related dysbiosis that caused itching, rashes, pain, etc. Skin microbiome of cirrhosis 

patients showed alterations by containing specifically Gammaproteobacteria, 

Streptococaceae and Staphylococcaceae with higher relative abundance distribution than 
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the same bacteria observed in the skin microbiome of healthy patients. Between patients 

with positive VS negative outcomes in each class, microbial beta diversity was 

considerably different, whereas alpha diversity was similar.  
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SUMMARY 

This research, involving a thorough comparative analysis of recently developed 

denoising methods and new and traditional clustering methods, has led me to make some 

crucial inferences. It will not only provide scientists, researchers or students with some 

insights and guidelines for the taxonomic profiling procedure and available options in the 

microbiome analysis, but also enable and help them to choose the appropriate method and 

strategies with optimal parameters for their research and analysis. 

Traditional clustering methods, which have been in use since past two decades, 

have significant drawbacks and limitations related to their precision (true positive rate), 

sensitivity, prediction accuracy for the correct OTU-representative identification and their 

recommended reference databases based on which OTUs are assigned taxonomy. Due to 

this, their overall relative abundance distribution of the predicted species often does not 

correspond well with the normalized distribution of the expected species. These issues have 

not been explicitly compared in the past two decades since  these methods and strategies 

were initially implemented. There have been several publications based on the research 

work done using these strategies that needed to be re-evaluated. Now there are some state-

of-the-art clustering methods and some newly introduced denoising methods are available. 

Although there are still some limited options, I have picked the most recent and popular 

tools for my comparative analysis. 
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State-of-the-art computational tools for clustering and denoising methods both used 

in this research and comparative analysis turned out to be better than the traditional 

clustering methods. Denoising methods use 100% sequence identity to infer sequence 

variants (SVs) unlike the 97-99% identity that clustering uses to generate OTUs. Denoising 

also takes sequencing error correction step into consideration that clustering tends to skip. 

Therefore, denoising based SVs were often seen to biologically more correct 

representatives of the dataset than the OTU-representative sequences that are randomly 

picked from the OTUs. Each OTU-representative sequence was a part of the OTU-cluster 

of 97-99% identical sequences and hence their taxonomic assignments potentially differ at 

the genus and species levels which often made them unreliable. However, unlike clusters 

or the groups of sequences, the denoising-based SVs were the single unique sequences 

inferred by merging 100% identical sequences before and after error correction. Therefore, 

upon classification, their taxonomy was seen to be more accurate when compared to that 

of the expected bacterial species from the ATCC mock community data used in this 

research. Denoising also provided consistent labeling in terms of SVs with assigned 

taxonomy (species level), whereas the clustering-based OTU-representative sequences 

seem to provide inconsistent taxonomic labels. This is because if the order of the input 

sequences in the original dataset was changed prior to the clustering, then the set of clusters 

will have different set of representative sequences. Another common trend seen was that 

the denoising produced fewer SVs that correctly identified (True Positives) the expected 

bacterial species from the ATCC mock community, whereas all traditional clustering 

methods and VSEARCH of the state-of-the-art clustering tools often produced a numerous 
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OTUs that also included many wrongly identified species (False Positives) that were not 

expected in the given ATCC mock data. This trend was seen for not only mock 

communality data but also natural community datasets, which raised a concern for the 

datasets with more than millions of sequences. UPARSE was seen to be the only exception 

to these clustering strategies and often performed better than all computational tools 

including those for denoising. UPARSE always seen producing either fewer OTUs or 

sometimes around the same numbers as SVs produced by denoising. UPARSE-OTUs  

often had more true positives and fewer false positives than the denoising tools. The 

relative abundance distribution of the UPARSE-predicted bacterial species was as good as 

that of the denoising-predicted bacteria and corresponded well with the normalized 

distributions of the expected bacteria in the mock community.  

When we compared all clustering and denoising tools with respect to their 

computational cost, space and time complexities, it was seen that it depended on the type 

of the algorithm used. Heuristic greedy algorithms were very cost effective whereas 

hierarchical clustering-based algorithms were computationally expensive. Both state-of-

the-art clustering tools (UPARSE, VSEARCH) and denoising tools (UNOISE, Deblur) 

except DADA2, are based on the greedy algorithm and hence were much faster than 

DADA2 which is based on hierarchical clustering-based algorithm, although that did not 

affect its prediction accuracy. Therefore, it is quite evident that denoising has a great 

potential to overcome some significant drawbacks of traditional clustering, while UPARSE 

has proven be a great advancement in clustering strategy, which may become the preferred 
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choice for taxonomic profiling in the near future. This also may need further validation by 

performing similar tests and comparative analysis using additional mock community data.  

There are many online databases searching and sequence analysis tools available. 

One of the most popular and freely available one is NCBI’s BLASTN which is used in this 

research using a remote server with 64 cores multiprocessor system running it in parallel 

to reduce the overall runtime. Another online but high-end sequence analysis tool used in 

the second chapter of this research is One Codex. Parallel BLASTN generally took 2.5 

minutes per 1000 sequences for searching Genbank 16S Microbial database, whereas One 

Codex was faster spending just a second per 1000 sequences for searching their reference 

databases. Another online tool used in the second chapter of this research was RDP-11 

which took only 3-4 seconds per 1000 sequences for the taxonomic classification of 

complete datasets based on RDP 16S Microbial reference database running on the remote 

server with 64 cores multiprocessor system. All reference based online tools often 

predicted taxonomy more accurately than both state-of-the-art denoising and clustering 

tools. The relative abundance distribution of the predicted taxa by the online tools was also 

often seen corresponding better with the expected bacterial distribution in the mock data 

than that showed by the offline computational tools for denoising and clustering. The 

computational cost and space complexities for the online tools were not compared in this 

research since they run on a remote server and controlled by different hosts on distinct 

platforms. Also comparing their processing time would be biased and unfair to the 

computational tools running on the local machine with low-end system configurations.  
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One Codex is a commercial online tool and hence not cost effective when having 

multiple datasets or subsets of different environmental samples. Similarly, Parallel 

BLASTN was the slowest among both online and offline computational tools, therefore it 

is not feasible to use for processing even single datasets with a million or more sequences.  

In these scenarios RDP-11 bootstrapping analysis turned out to be better alternative, 

which is a free program running on the remote server like Parallel BLASN but much faster 

and almost as fast as One Codex. When compared with the state-of-the-art clustering and 

denoising computational tools, RDP-SINTAX bootstrapping generated all true positives 

and fewest false positives. Its accuracy measure F1 score was also highest in most cases 

and also on average. And the Wilcoxon test results also confirmed that the relative 

abundance distribution of RDP-SINTAX’s predicted bacteria was corresponding better 

with the normalized distribution of the expected bacteria in the mock community than that 

of the state-of-the-art clustering and denoising tools. Therefore, it is quite evident now that 

RDP-SINTAX bootstrapping analysis could be the most preferred choice considering the 

prediction accuracy, computational cost, processing time and the ease of abundance data 

visualization in the microbiome analysis. 
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APPENDIX 

Following supplementary materials are available on the web for download. 

• S1_-_ATCC_samples.xlsx 

• S2_-_split_ATCC_randomly.xlsx 

• S3_-_ATCC_Std_complete.xlsx 
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