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Preface 
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tools during the drafting and revision stages. These tools supported grammar refinement, style 

enhancement, and content structuring, allowing me to focus on the scientific rigor and 

originality of the work. The final manuscript, however, remains my own, reflecting my ideas, 

research findings, and critical analyses. 
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Abstract		
Bacteria are ubiquitous, colonizing a wide range of habitats and biotopes, and their diversity is 

shaped by varying environmental conditions and levels of competition. This results in complex 

and diverse bacterial communities across different ecosystems. Molecular biology has 

significantly advanced our ability to track bacterial sources, enabling precise identification of 

contamination origins through various techniques. Among these, Microbial Source Tracking 

(MST) and Bacterial Fingerprint Identification (BFI) are commonly used, alongside other 

traditional approaches. 

However, these source-tracking methods face challenges, such as the influence of complex 

environmental conditions, inadequate sampling, and variability between techniques, which can 

limit their effectiveness. To overcome these limitations, alternative methods are needed. This 

thesis employs a targeted gene using the metagenomics study, to enhance bacterial source 

tracking. By focusing on 16S rDNA genes, this method provides a detailed analysis of bacterial 

communities, offering a more refined profile of contamination sources. 

The research led to the development of two innovative tools: the Metagenomic Source Tool 

(MGST) and the Sequence Tracking tool (ST). These tools were specifically designed to 

pinpoint the origins of bacterial contamination in various matrices. To support these tools, a 

specialized database named “BiotopeBac-DB” was established, tailored for diverse 

environmental applications. The MGST was used to validate this database, while the ST was 

applied in studies targeting contamination sources in distinct settings, such as veterinary 

restrooms and bathing waters. 

This work aims to enrich metagenetic analysis by incorporating information on the origins of 

contamination, with the goal of enhancing the understanding and tracking of bacterial sources 

in various environments.  
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Résumé	
Les bactéries sont omniprésentes et colonisent une grande variété d’habitats et de biotopes, leur 

diversité étant influencée par les conditions environnementales et les niveaux de compétition. 

Cela génère des communautés bactériennes complexes et diversifiées dans différents 

écosystèmes. La biologie moléculaire a considérablement amélioré notre capacité à suivre 

l’origine des contaminations bactériennes, permettant une identification précise des sources 

grâce à diverses techniques, telles que le Microbial Source Tracking (MST) et l’identification 

d’empreintes bactériennes (BFI), ainsi que d’autres approches classiques. 

Cependant, ces méthodes de traçabilité des sources rencontrent des limites, notamment en 

raison des conditions environnementales complexes, d’un échantillonnage insuffisant et de la 

variabilité entre les techniques, ce qui peut affecter leur efficacité. Pour surmonter ces obstacles, 

d’autres méthodes sont nécessaires. Cette thèse propose l’utilisation d’une méthode ciblée 

basée sur l’étude de la métagénomique, pour améliorer le suivi des sources bactériennes. En 

ciblant les gènes l’ARN ribosomal 16S, cette méthode offre une analyse détaillée des 

communautés bactériennes, fournissant un profil plus précis des sources de contamination. 

Les recherches ont conduit au développement de deux outils innovants : le Metagenomic Source 

Tool (MGST) et le Sequence Tracking tool (ST), spécialement conçus pour identifier l’origine 

des matrices contaminées. Pour soutenir ces outils, une base de données spécialisée nommée 

‘BiotopeBac’ a été créée et adaptée à diverses applications environnementales. Le MGST a été 

utilisé pour valider cette base de données, tandis que le ST a été appliqué dans des études ciblant 

les sources de contamination dans des environnements distincts, tels que les sanitaires de 

cliniques vétérinaires et les eaux de baignade. 

Ces travaux visent à enrichir l’analyse métagénétique en intégrant des informations sur l’origine 

des contaminations, afin de mieux comprendre et améliorer le suivi des sources bactériennes 

dans différents environnements. 



 

General Introduction  
 

 

Chapter I 
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I.1 Microorganisms and their diversity 

Prokaryotic microorganisms represent the most extensive source of genetic diversity on Earth, 

existing long before more complex life forms like protists, animals, and plants. They dominate 

the biosphere, particularly in the Earth's crust, and contribute significantly to the planet's 

biomass. These microorganisms are essential for maintaining ecological balance, as they drive 

biogeochemical cycles, recycle nutrients, and break down both natural and human-made waste. 

Their activities are critical for the health and stability of ecosystems.  

In addition to their ecological roles, microorganisms are a rich source of bioactive compounds, 

enzymes, polymers, and biotechnological tools. While much attention has been given to their 

role in human diseases, their broader contributions to industries such as food production and 

pharmaceuticals are equally important. For example, microorganisms are involved in processes 

like wine fermentation and cheese ripening, highlighting their integral role in daily life. 

Studying these organisms is key to unlocking their untapped potential for scientific and 

industrial applications. 

Understanding the diverse ecological niches where bacteria thrive and their roles within these 

environments is crucial for advancing both science and industry. Research in this area has 

provided valuable insights into bacterial distribution across various habitats, including soil, 

water, and host-associated environments. For instance, studies on soil microbiomes have 

revealed the complex relationships between bacteria, plant health, and nutrient cycling 

(Philippot et al., 2013; Fierer, 2017). Similarly, research in aquatic ecosystems has explored 

bacterial diversity and their roles in nutrient cycling and pollutant degradation (Newton et al., 

2011; Kirchman, 2016). Investigations into host-associated microbiota, such as the human 

microbiome, have also demonstrated the importance of bacterial communities in maintaining 

host health and influencing physiological processes (Human Microbiome Project Consortium, 

2012; Sender et al., 2016). These studies underscore the need for a comprehensive 

understanding of bacterial functions in specific environments, which is essential for 

applications in environmental conservation and biotechnology. 

In medical and health research, high-throughput sequencing has revolutionized our ability to 

study bacterial sources and improve source tracking. This technology has enabled the 

exploration of bacterial communities in diverse environments, from the densely populated 
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gastrointestinal tract (Scheithauer et al., 2016; Tropini et al., 2017) to low-biomass sites like 

the lower respiratory tract (Dickson et al., 2014; Dickson et al., 2017; Yatera et al., 2018) and 

the uterus (Collado et al., 2016; Perez-Muñoz et al., 2017). The development of high-

throughput sequencing techniques builds on earlier advancements, such as the pioneering work 

of Sogin et al. (2005), who were among the first to use operational taxonomic units (OTUs) 

without relying on cloning techniques, significantly advancing the field of microbial diversity 

research. However, debates continue regarding the sterility of certain niches, such as the 

placental microbiome (Pelzer et al., 2017; Kuperman et al., 2020), and the challenges of 

studying low-biomass samples (Drengenes et al., 2019; Dahlberg et al., 2019). These 

discussions highlight the complexities of microbial diversity research and the ongoing 

challenges in defining the boundaries of microbial ecosystems.  

Figure 1, adapted from Zhong et al. (2023), provides a fascinating look into the bacterial 

communities of white rhinoceroses, revealing intricate interactions across different ecological 

niches. The Venn diagrams in Fig. 1A and B show significant overlap in bacterial phyla and 

genera among the gut, skin, and environmental samples, indicating a complex network of 

interactions. Shared phyla include Firmicutes, Actinobacteriota, Chloroflexi, Bacteroidota, and 

Proteobacteria, reflecting a rich diversity across these niches. This aligns with the concept of 

microbial niches in the human body, where distinct microbial communities inhabit different 

anatomical sites (Lloyd-Price et al., 2016). Additionally, the co-occurrence network pattern in 

Fig. 1C highlights the interconnectedness of bacterial species within the gut, skin, and 

environment, suggesting that these communities mutually influence each other. This finding 

enhances our understanding of microbial ecology and the complexity of microbial landscapes 

in different niches. 
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Source: figure from Zhong et al., 2023 

Figure 1. Interactions among bacterial communities in different niches of white 
rhinoceroses. (A) Venn diagram based on the phylum level of bacterial communities in the gut, 
skin, and environment of white rhinoceroses. (B) Venn diagram based on the genus level of 
bacterial communities in the gut, skin, and environment of the white rhinoceroses. (C) The co-
occurrence network pattern depicts the interactions among bacterial communities from the gut, 
skin, and environment. High clustering coefficients indicate strong connectivity within each 
niche, while distinct clustering regions suggest intricate microbial relationships across the 
different ecological niches. 

Despite significant progress, there remains a substantial gap in our understanding of prokaryotic 

diversity, highlighting the need for further research and innovation. As highlighted by Le 

Guyader (2008), exploring the full potential of these microorganisms requires deeper 

investigation. High-throughput sequencing of the 16S ribosomal RNA (rRNA) gene has 

become a key tool for studying microbial communities in various human-associated 

environments. Studies by Hong et al. (2016), Botterel et al. (2018), and Wang et al. (2017) have 

demonstrated the power of this approach, helping to address critical gaps in our knowledge. 



 

 7 

Building on these advancements, Microbial Source Tracking (MST) has become an essential 

method for identifying the sources of microbial contamination in different environments. MST 

uses molecular and genetic techniques to trace microbes back to their origins, whether human, 

animal, or environmental. By analyzing unique microbial markers and genetic signatures, MST 

enables precise identification of contamination sources, which is crucial for environmental 

monitoring, public health, and water quality management. In the following section, we will 

explore the methodologies of MST and its applications in environmental and clinical 

microbiology, emphasizing its role in protecting ecosystems and advancing scientific 

understanding.  
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I.2 Detection of Sources for Eukaryotes, Bacteria, Parasites, and Viruses 

Identifying the sources of contamination by eukaryotes, bacteria, parasites, and viruses is 

crucial for environmental microbiology, public health, and ecosystem management. Over time, 

various techniques have been developed to detect and trace these microorganisms back to their 

origins. These methods range from traditional microbiological approaches to advanced 

molecular and bioinformatic tools, each tailored to the unique characteristics of the organisms 

being studied. 

For eukaryotes, such as pathogenic fungi and protists, environmental DNA (eDNA) analysis 

has become a key method. By isolating and amplifying DNA from water, soil, or sediment 

samples, eDNA techniques allow researchers to detect specific eukaryotic organisms without 

the need for culturing. Metagenomic sequencing takes this further by identifying entire 

eukaryotic communities, helping trace sources of organisms like Cryptosporidium in 

contaminated drinking water (Xiao et al., 2000). Additionally, fluorescence in situ 

hybridization (FISH) has been used to visualize specific eukaryotic cells in environmental 

samples, providing spatial and source information (Amann et al., 1995). 

For bacteria, detection methods have shifted from traditional culture-based techniques to 

advanced molecular approaches. Culture-independent methods, such as 16S rDNA gene 

sequencing, enable the identification of bacterial taxa in complex environmental samples with 

high precision (Woese & Fox, 1977). However, 16S rDNA sequencing has limitations, 

including insufficient resolution to distinguish closely related species or strains, reliance on 

incomplete reference databases that may misclassify novel taxa, and amplification biases that 

skew community representation (Jovel et al., 2016). These constraints reduce its utility in 

pinpointing exact contamination sources, as many host-specific markers (e.g., human vs. animal 

Bacteroides variants) require strain-level discrimination. To address this, targeted methods like 

quantitative PCR (qPCR) and multiplex PCR are employed to detect specific bacterial markers 

linked to fecal contamination, such as host-associated Bacteroides spp. sequences, which 

bypass 16S ambiguities (Bernhard & Field, 2000). While 16S rDNA is a cornerstone for 

differentiating prokaryotes (bacteria and archaea) from eukaryotes, it cannot determine 

microbial functional traits. This limitation arises because the 16S rRNA gene encodes structural 

ribosomal RNA rather than metabolic or functional genes. Additionally, the presence of 

multiple 16S rRNA gene copies per bacterial cell can introduce quantification biases, 



 

 9 

complicating efforts to correlate taxonomic identity with ecological roles. These approaches 

are applied in scenarios like tracing Escherichia coli in agricultural runoff or identifying 

bacterial pathogens in recreational waters to reduce public health risks. 

For parasites, molecular techniques like nested PCR and loop-mediated isothermal 

amplification (LAMP) are highly effective for detecting DNA from organisms such as Giardia 

lamblia and Cryptosporidium parvum in water samples (Fayer et al., 2000). These methods are 

especially useful in low-concentration situations where traditional microscopy or 

immunoassays may fail. Immunological techniques, such as enzyme-linked immunosorbent 

assays (ELISA), are also used to detect parasitic antigens in environmental and clinical samples, 

enabling rapid identification of contamination sources during outbreaks. For example, 

combining LAMP and ELISA has been used to monitor municipal water supplies in developing 

regions, reducing waterborne parasitic infections (Notomi et al., 2000). 

Viruses present unique challenges due to their small size and diversity, but advances in 

molecular biology have provided effective detection tools. Reverse transcription-PCR (RT-

PCR) is widely used to detect RNA viruses, such as noroviruses and hepatitis A virus, in 

environmental water samples (Kitajima et al., 2020). Virome analysis, a subset of 

metagenomics, allows researchers to characterize entire viral communities, helping identify the 

origin of specific viral strains during outbreaks. For instance, virome sequencing has been used 

to trace enteric viruses in urban wastewater, distinguishing human-derived contamination from 

animal sources (Bibby & Peccia, 2013). Digital droplet PCR (ddPCR) further enhances viral 

detection by offering high sensitivity in quantifying low-abundance viral pathogens. 

These techniques are often combined with isotopic and chemical fingerprinting to provide a 

more complete understanding of contamination pathways. For example, stable isotope analysis 

paired with microbial detection has been used to trace agricultural pollutants, including 

microbial contaminants, back to specific farms (Kendall et al., 1998). Applications of these 

methods span water quality monitoring, epidemiological investigations, and ecosystem 

conservation. In coastal environments, they have been critical in identifying sources of harmful 

algal blooms, while in urban settings, they help pinpoint the origin of microbial contamination 

in stormwater systems. 

Overall, the detection of eukaryotes, bacteria, parasites, and viruses has been greatly advanced 

by molecular and bioinformatic innovations. These tools provide critical insights into microbial 
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community dynamics and their interactions with human and environmental systems, enabling 

targeted interventions and sustainable management practices. 

As the detection of microbial contaminants has advanced, the need to pinpoint their specific 

sources has become increasingly important. Microbial Source Tracking (MST) addresses this 

challenge by focusing on identifying the origins of microbial contamination, particularly fecal 

pollution, in environmental systems. With the help of molecular and bioinformatic tools, MST 

allows researchers to distinguish between human, animal, and environmental sources of 

microbes, providing critical information for public health interventions and environmental 

management. This approach has become indispensable in addressing contamination issues, as 

it not only identifies the presence of harmful microorganisms but also traces their pathways, 

enabling more effective and targeted mitigation strategies. 

MST was initially developed to identify the sources of fecal contamination in environmental 

waters, such as rivers, lakes, and coastal areas. MST uses DNA-based techniques, including 

polymerase chain reaction (PCR) and quantitative PCR (qPCR), to detect and quantify genetic 

markers that are specific to certain sources. These markers, often found in bacterial genera like 

Bacteroides, help trace contamination back to its origin (Field et al., 2007). Over time, MST 

has been adapted to track microbial contamination in other environments, such as soils, 

sediments, and animal microbiomes (Shanks et al., 2010; Harwood et al., 2013). This versatility 

has made MST a valuable tool not only for water quality monitoring but also for broader 

ecological and environmental studies. 

MST methods are generally divided into two categories: Library-Dependent Methods (LDMs) 

and Library-Independent Methods (LIMs). LDMs involve creating a database of fecal bacteria 

from known sources and comparing environmental samples to this database to identify 

contamination sources. LIMs, on the other hand, do not require a reference library and instead 

use genetic or chemical markers specific to certain miro-organismes to directly identify 

contamination sources from environmental samples (Harwood et al., 2014). 

One key focus of environmental microbiology is source tracking, which can be used to identify 

the origin of microbial fecal contamination among others. Once the source is identified, control 

measures can be implemented to address the contamination. Various MST methods have been 

developed to distinguish between human and animal sources and to trace specific discharges 

into surface and groundwater. 
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Library-Dependent Methods (LDMs) rely on comparing environmental isolates to a database 

of known sources. For example, phenotypic methods might analyze how bacteria like E. coli or 

enterococci respond to antibiotics or carbon sources, matching these patterns to those in a 

reference library. While LDMs are quantitative, sensitive, and reproducible, they are time-

consuming, require extensive databases, and can have higher false-positive rates compared to 

LIMs (Fong & Lipp, 2005). 

Library-Independent Methods (LIMs) do not require a reference library. Instead, they use host-

specific genetic markers to identify contamination sources directly. For example, genotypic 

methods like PCR can detect markers in bacteria such as Bacteroides or Bifidobacterium to 

differentiate between human and animal sources (Bernhard & Field, 2000; Bernhard et al., 

2003). Other LIMs include using enterotoxin genes in E. coli to distinguish between domestic 

animal sources (Khatib et al., 2002) or enterococcal surface protein (ESP) in Enterococcus 

faecium to differentiate human and animal contamination (Scott et al., 2005). Additionally, 

male-specific coliphages and viral pathogens like hepatitis A virus can be used to trace 

contamination sources (Fong & Lipp, 2005; Stewart-Pullaro et al., 2006). 

LIMs are faster and more accurate in distinguishing human from non-human sources. However, 

they require expensive equipment and are limited by our understanding of how well host-

specific markers persist in the environment. Figure 2 provides a flowchart summarizing the 

different approaches used in microbial source tracking. 
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Source: figure from Charles P.GERBA :Indicator Microorganisms 2015  

Figure 2. Illustrative diagram depicting various microbial source tracking (MST) 
methods. The methods include PCR (Polymerase Chain Reaction), Rep-PCR (Repetitive-
Intergenic DNA Sequence PCR), DGGE (Denaturing Gradient Gel Electrophoresis), T-RFLP 
(Terminal-Restriction Fragment Length Polymorphism), PFGE (Pulsed Field Gel 
Electrophoresis), RAPD (Randomly Amplified Polymorphic DNA), and AFLP (Amplified 
Fragment Length Polymorphism).  

Figure 2 presents a visual overview of microbial source tracking (MST) methodologies, 

highlighting their applications and technical differences. The figure organizes common 

molecular techniques such as PCR, DGGE, PFGE, RAPD, and AFLP into two categories: 

Library-Dependent Methods (LDMs), which rely on reference databases, and Library-

Independent Methods (LIMs), which use host-specific markers. By systematically comparing 

these approaches, Figure 2 clarifies how MST tools identify sources of fecal contamination, 

connecting molecular biology principles with environmental monitoring objectives. For 

example, LDMs (e.g., PFGE) are shown alongside LIMs (e.g., host-specific PCR), 

demonstrating how these methods complement each other in source attribution. This visual 
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representation is particularly useful for readers who may not be specialists in the field, 

providing a clear comparison of evolving MST practices, such as the transition from labor-

intensive fingerprinting techniques (e.g., DGGE) to faster, marker-based assays. Furthermore, 

the figure underscores the advancements in MST technologies, illustrating how improvements 

in genetic analysis have increased precision in public health and forensic applications. In 

summary, Figure 2 enhances the text by offering a structured and accessible depiction of MST 

workflows, aiding in the understanding of complex methodologies. 

MST has been widely used for various purposes, including regulatory compliance, pollution 

remediation, and risk assessment. It plays a critical role in public health and water quality 

management by enabling the identification of fecal contamination sources (Scott et al., 2005). 

MST employs a range of molecular and bioinformatic techniques to analyze microbial 

communities and distinguish between different contamination sources. These methods take 

advantage of the genetic diversity of microbes, often targeting specific genetic markers unique 

to particular sources. 

The 2002 review "Microbial Source Tracking: Current Methodology and Future Directions" by 

Scott et al. highlights the limitations of traditional fecal pollution monitoring, which relied on 

general microbial indicators like E. coli, Enterococcus spp., and Clostridium perfringens. While 

these indicators effectively signaled fecal contamination, they could not distinguish between 

human and animal sources a critical gap for targeted remediation. For example, E. coli 

abundance in water confirmed fecal pollution but provided no insight into whether 

contamination originated from livestock, wildlife, or sewage. The authors emphasize how this 

ambiguity hindered public health responses, as risks differ vastly between sources (e.g., human 

feces may carry pathogens like Norovirus, whereas livestock waste might prioritize zoonotic 

agents) (Scott et al., 2002). 

Scott et al. then introduces emerging MST methodologies designed to overcome these 

shortcomings, such as library-dependent approaches (e.g., ribotyping, PFGE) that compare 

environmental isolates to fecal source libraries, and library-independent techniques (e.g., host-

specific PCR markers like Bacteroides HF183 for humans). Scott et al. argue that MST’s ability 

to discriminate sources revolutionizes water quality management by linking contamination to 

specific origins, enabling precise interventions. The study also foresees future advancements in 
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genetic marker discovery and standardization, which have since materialized with next-

generation sequencing and qPCR-based assays (Scott et al., 2002).  

Traditional fecal pollution monitoring relied on general microbial indicators like E. coli and 

Enterococcus spp., which lacked specificity for identifying contamination sources. Scott et al. 

(2002) outline the evolution of MST methodologies to address this gap, emphasizing the 

rationale of exploiting host-adapted microbial traits. Genetic methods assume that bacterial 

lineages develop unique genomic fingerprints due to host-specific adaptations (e.g., nutrient 

availability, pH), enabling differentiation of human versus animal sources. Phenotypic 

approaches, such as antibiotic resistance (MAR) or biochemical profiles, similarly target traits 

shaped by host environments. Early microbiological methods, like the fecal 

coliform/streptococcus ratio, were abandoned due to variability, while Bifidobacterium spp. 

obligate anaerobes abundant in human feces emerged as promising human-specific indicators. 

Despite advantages (e.g., inability to replicate post-excretion, signaling recent contamination), 

Bifidobacterium faced challenges like rapid environmental die-off and detection sensitivity. 

These limitations underscored the need for advanced molecular techniques, paving the way for 

modern library-dependent (e.g., ribotyping) and library-independent (e.g., host-specific PCR) 

MST frameworks. 

Recent innovations, such as metagenomics and STENSL (Microbial Source Tracking with 

ENvironment SeLection) by Raza et al. (2021) and An et al. (2022), have expanded the scope 

of MST. Contributions from Bowen et al. (2023), who developed a comprehensive reference 

library for MST in the mid-Atlantic United States, and Vanderzalm et al. (2023), who applied 

MST to identify fecal pollution in coral reef lagoons, demonstrate the method’s adaptability 

across diverse environments. Frank et al. (2024) revealed marine sediments as a reservoir for 

Escherichia coli using signature-based and novel amplicon sequencing approaches. Nam et al. 

(2023) evaluated MST markers on food-contact surfaces, providing insights into contamination 

sources in school cafeterias, while Vadde et al. (2022) characterized fecal pollution in karst 

aquifers, showcasing MST’s versatility in different hydrological settings. 

This research integrates key elements of MST, including source identifiers, detection methods, 

and analytical frameworks. Source identifiers, such as genotypes or phenotypes of E. coli, F-

specific RNA coliphages, and host-specific markers in Bacteroides/Prevotella, are combined 

with detection methods like ribotyping and length heterogeneity PCR (LH-PCR). Analytical 
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frameworks then link water sample results to specific fecal sources. This thesis aims to 

contribute to the evolving field of source tracking by extending its focus beyond traditional 

fecal indicator bacteria (FIB) to include all bacteria sampled in the study area. 

To provide further context, the next section will explore the evolution of bacterial identification 

techniques. From Pasteur’s early microscopy to modern PCR and molecular methods, we will 

trace the development of tools that have significantly advanced our understanding of microbial 

life. This historical perspective will highlight the transformative impact of technological 

progress on bacterial identification and the ongoing pursuit of more accurate and 

comprehensive methods.  
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I. 3 Evolutionary Shifts in Bacterial Identification: From Pasteur's 

Microscopy to PCR's Molecular Insights 

Beginning in the 1870s, Louis Pasteur conducted important experiments to identify bacteria 

based on their shape, biochemical properties, and physiological traits (Pasteur, 1876). At the 

time, bacteria were observed under microscopes, with or without staining, and their shapes, 

motility, and cell wall structures were studied (Koch, 1884). This work laid the foundation for 

classical microbiology and led to the development of bacterial identification methods that relied 

on phenotypic traits, such as growth patterns on culture media containing specific nutrients or 

metabolic substrates (Buchanan, 1918). These methods became reliable tools for identifying 

known pathogenic bacteria in medical settings (Koch, 1882; Bergey et al., 1923). 

However, these traditional approaches have limitations when applied to complex environments 

like soil, sediments, freshwater, and seawater (Amann et al., 1995). In these natural habitats, 

most microorganisms cannot be cultured in the lab, making it difficult to study their diversity 

and interactions (Staley & Konopka, 1985). Many bacteria exist in a dormant state or interact 

with other microorganisms, further complicating efforts to fully understand their roles in these 

ecosystems (Lewis, 2007; Lennon & Jones, 2011). As a result, studying microbial diversity in 

such environments remains a major challenge (Rappé & Giovannoni, 2003). 

The field of molecular biology began to address these challenges with the discovery of the 

double-helix structure of DNA by Watson and Crick in 1953, which revealed the 

complementary nature of DNA strands and hinted at a potential copying mechanism (Watson 

& Crick, 1953). This foundational discovery paved the way for understanding DNA replication 

and repair (Meselson & Stahl, 1958). In 1957, Arthur Kornberg identified the first DNA 

polymerase, an enzyme essential for DNA synthesis, though it required a primer and could only 

copy DNA in one direction (Kornberg, 1957). By the 1970s, researchers like Gobind Khorana 

and Kjell Kleppe explored DNA repair synthesis and envisioned a two-primer system for DNA 

replication, laying the groundwork for future advancements in DNA amplification (Khorana et 

al., 1971; Kleppe et al., 1971). 

The advent of DNA sequencing in 1977, pioneered by Frederick Sanger, further advanced 

molecular biology by enabling the reading of DNA sequences using DNA polymerase, primers, 

and nucleotide precursors. By the 1980s, all the components necessary for DNA amplification 

were in place. However, it was not until 1983 that Kary Mullis, while working at Cetus 
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Corporation, combined these elements to develop the Polymerase Chain Reaction (PCR). 

Mullis’s innovation involved using two primers and repeated cycles of DNA polymerase 

activity to exponentially amplify specific DNA segments, revolutionizing the study of genetics 

and microbial diversity. 

In the 1990s, PCR became a cornerstone of molecular biology, allowing scientists to amplify 

and study bacterial DNA with greater facility. This breakthrough opened new possibilities for 

identifying bacteria, detecting their genomes, and studying genetic mutations. It also provided 

a powerful tool for exploring microbial diversity, particularly for non-cultivable bacteria. 

PCR’s utility was further enhanced by techniques like Southern blotting, which confirmed the 

amplification of specific DNA segments and validated the accuracy of PCR products (Mullis 

et al., 1986). 

Today, PCR remains a critical tool in microbial research, enabling the study of complex 

environments and unculturable microorganisms. Its development marked a turning point in 

microbiology, bridging the gap between classical phenotypic methods and modern molecular 

techniques, and continues to drive advancements in microbial ecology, biotechnology, and 

medical research. 

Using PCR and other DNA amplification techniques, researchers discovered that mutations in 

bacterial genomes or specific genes accumulate over generations (Dauga et al., 2005). This 

finding has been crucial for phylogenetic studies, which aim to reconstruct the evolutionary 

relationships between organisms. Unlike traditional methods that focus on physical similarities 

and differences, phylogenetic analysis of DNA sequences provides a deeper understanding of 

microbial evolution. By calculating the evolutionary distances between generations, scientists 

can construct phylogenetic trees, where branch lengths represent mutation rates (Figure 3). This 
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approach offers a more comprehensive view of microbial history and relationships. 

 

Source: figure from Hug et al., 2016  

Figure 3. An innovative portrayal of the phylogenetic tree unfolds, featuring 92 named 
bacterial phyla, 26 archaeal phyla, and the five eukaryotic supergroups. This tree is a result 
of genomic sampling of previously unexamined environments and includes over 1,000 
uncultivated and little-known organisms, along with known sequences. The color-coded 
branches help distinguish between major groups, and the labels indicate specific subgroups or 
species. The red dots on certain branches mark “Major lineages with isolated representative 
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taxa,” highlighting the areas where more research and discovery are needed. The prominent 
lineages are perceptibly differentiated by distinctive colors and identified with italicized, well-
established lineage names. Lineages lacking isolated representatives are conspicuously marked 
with non-italicized names and accentuated by red dots, underscoring their unique status. This 
representation affords a comprehensive panorama of the diversity and interrelationships 
among these microbial groups. 
 
The study of microbial diversity has been transformed by modern discovery strategies, which 

have built on the advancements in phylogenetic classification, surpassing traditional phenotypic 

methods. The rise of molecular biology has opened new doors to understanding non-cultivable 

bacteria, revealing their hidden roles and complexities. Among these strategies, Denaturing 

Gradient Gel Electrophoresis (DGGE) (Muyzer et al., 1993) has proven invaluable, separating 

DNA fragments based on their sequences to provide a snapshot of microbial diversity in a 

sample. Similarly, terminal restriction fragment length polymorphism (T-RFLP) (Liu et al., 

1997) complements this by analyzing DNA fragments after digestion with restriction enzymes, 

offering detailed insights into microbial community composition. 

 

Quantitative Polymerase Chain Reaction (qPCR) (Bustin, 2000) has also emerged as a powerful 

tool, enabling rapid and sensitive detection and quantification of specific microbial taxa, 

shedding light on their abundance across different environments. Cloning techniques, 

particularly the creation and analysis of clone libraries, capture the genetic diversity within 

microbial communities. Meanwhile, high-throughput sequencing technologies have open new 

opportunities in microbial ecology by enabling metagenomic analyses, which explore entire 

microbial communities in unprecedented detail. 

 

The integration of these technologies has not only improved our ability to characterize 

microbial diversity but also deepened our understanding of the functional roles of microbial 

taxa in complex ecosystems. Techniques like DGGE, T-RFLP, and amplicon sequencing are 

central to microbial community fingerprinting, which analyzes the composition and diversity 

of bacterial communities across various environments. These methods have revealed unique 

microbial fingerprints, significantly advancing our understanding of bacterial ecology and its 

applications in environmental science, agriculture, medicine, and biotechnology. 

 

For example, in environmental science, these techniques are used to study bacterial 

communities in polluted soils, identifying species that can degrade pollutants and aiding in 
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bioremediation efforts. In agriculture, amplicon sequencing helps characterize soil 

microbiomes, identifying beneficial bacteria that improve soil fertility and crop health by fixing 

nitrogen or suppressing plant pathogens. In medicine, T-RFLP and amplicon sequencing are 

used to study changes in the gut microbiome of patients with chronic diseases like ulcerative 

colitis or irritable bowel syndrome, guiding the development of personalized treatments. In 

biotechnology, DGGE and amplicon sequencing are employed to discover bacteria with 

probiotic properties or those capable of producing industrial enzymes, leading to innovations 

in food and pharmaceutical industries. 

 

Together, these approaches are driving a revolution in microbial ecology, providing a more 

nuanced and holistic understanding of the microbial world. As we continue to explore microbial 

ecosystems, it is essential to expand our analytical tools. This brings us to advanced 

methodologies like whole-genome sequencing (WGS), metagenetics, and metagenomics, 

which offer a more comprehensive analysis of microbial communities beyond traditional source 

tracking. In the following section, we will examine how these methods integrate to enhance our 

understanding of microbial diversity and function across different environments.  
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I.4 Metagenetics, metagenomics and whole-genome sequencing 

Metagenetics, metagenomics, and whole-genome sequencing are three distinct approaches used 

to study microbial communities, each with its own methods, technologies, and applications. 

The advent of Next-Generation Sequencing (NGS), marked by transformative technologies like 

Illumina (Metzker, 2010) and 454 pyrosequencing (Margulies et al., 2005), has enable the 

development of these strategies. These technologies have overcome the limitations of 

traditional culture-based methods, uncovering the vast diversity of non-cultivable 

microorganisms that were previously inaccessible. 

Unlike traditional sequencing methods, NGS platforms can process millions of DNA fragments 

simultaneously, enabling the rapid and cost-effective generation of large amounts of sequence 

data. This high-throughput capability has been particularly transformative in metagenomic 

studies, allowing researchers to identify rare and novel microbial taxa and explore microbial 

communities at a genomic scale. Figure 4 illustrates the evolution of sequencing technologies 

and their applications over time. 

Metagenetics focuses on the targeted sequencing of conserved marker genes, such as the 16S 

rRNA gene for bacteria and archaea and the 18S rRNA gene for fungi. As shown by Woese 

and Fox (Woese, 1977), the ribosomal small subunit is a conserved marker, suited for 

phylogenetic analysis and for taxonomic classification. Its sequencing enables researchers to 

identify both known and novel microbial taxa. 

In contrast, metagenomics bypasses marker genes and sequences all the genetic material in a 

sample. This provides a comprehensive view of the genomic content of microbial communities, 

enabling deeper insights into microbial diversity and function. Figure 5 illustrates the 

workflows for both targeted metagenetics and broader metagenomics approaches, highlighting 

the experimental and bioinformatics steps involved. 

Metagenome-Assembled Genomes (MAGs) represent a powerful approach to studying 

microbial communities by reconstructing individual genomes directly from metagenomic data. 

Unlike traditional methods that rely on isolating and culturing individual species, MAGs allow 

researchers to piece together genomes from complex environmental samples, even for 

unculturable microorganisms. This is achieved through advanced computational techniques that 
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assemble short DNA reads into longer, contiguous sequences, which are then binned into 

individual genomes based on sequence similarity and coverage. MAGs provide valuable 

insights into the genetic potential, metabolic pathways, and ecological roles of microbial 

species within a community. They have become a cornerstone of modern metagenomics, 

enabling the discovery of novel species, functional genes, and microbial interactions in diverse 

environments, from soil and oceans to the human gut. However, the quality of MAGs depends 

on factors such as sequencing depth, assembly algorithms, and binning strategies, which can 

influence the completeness and accuracy of the reconstructed genomes. 

Whole-Genome Sequencing (WGS) involves sequencing the entire DNA of an organism’s 

genome. It is used for in-depth studies of individual species, pathogen genomics, and genetic 

research, providing the most comprehensive genetic information available. WGS, along with 

high-throughput targeted gene sequencing, has greatly advanced our understanding of 

microbial genomes. 

 

 

Source: figure from Yang, Aimin et al.,2020 

Figure 4. Evolution of DNA sequencing technologies over time. This timeline illustrates the 
progression of DNA sequencing technologies from the introduction of Sanger sequencing to the 
modern era of High-Throughput Sequencing (HTS). Each key milestone is represented, 
including the transformative impact of Next Generation Sequencing (NGS) techniques like 
Illumina and 454 pyrosequencing. The graph highlights the increasing efficiency, throughput, 
and cost-effectiveness of sequencing methods, showcasing their pivotal role in advancing our 
understanding of microbial communities and ecosystems. 
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The most used marker genes in metagenetics are the 16S rRNA for bacteria and archaea and 

the 18S rRNA, ITS2, or 28S rRNA for fungi and eukaryotes (Prosser, 2015; Schoch et al., 

2012). While viruses make up about 80% of the microbiota, they lack specific marker genes, 

making them harder to study using these methods (Paez-Espino et al., 2016; Roux et al., 2015). 

The 16S rRNA gene, approximately 1,500 base pairs long, contains nine hypervariable regions 

(V1-V9) interspersed with highly conserved regions (Clarridge, 2004). These conserved 

regions can be targeted with universal primers for amplification, while the variable regions 

allow researchers to distinguish between different microbial taxa (Hugenholtz et al., 1998; Head 

et al., 1998; Baker et al., 2003; Chakravorty et al., 2007). A sequence similarity cut-off of 

98.65% in the 16S rRNA gene is used to differentiate between distinct species, making it a 

highly sensitive and standard tool for microbial identification and classification (Bharti et al., 

2019; Yarza et al., 2014; Lamoril et al., 2008). 
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Source: figure from Ciuffreda et al., 2021 

Figure 5. General workflow for generation and analysis of data for targeted and 
metagenomics studies. This figure encapsulates the workflow for targeted and metagenomics 
studies, beginning with sample collection and DNA extraction, followed by library preparation 
and high-throughput sequencing. Data processing ensures quality control and assembly, while 
bioinformatics analysis involves taxonomic classification against databases like SILVA or 
GreenGenes. Functional annotation predicts gene functions using resources like KEGG or 
CARD, leading to data interpretation that explores microbial diversity and environmental 
correlations. The workflow culminates in visualization and reporting, summarizing the findings 
for scientific communication 
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Next-generation sequencing (NGS) technologies, such as Illumina, often target short segments 

of the 16S rRNA gene, focusing on one or more of its nine hypervariable regions (V1-V9). The 

V1-V3 and V3-V4 regions are particularly popular in sequencing studies due to their role in 

accurate taxonomic identification and profiling of microbial communities. This approach offers 

several advantages: lower error rates, reduced complexity, easier alignment with reference 

genomes, and less ambiguity in identifying taxa. Additionally, short-read sequencing is cost-

effective, enabling high-throughput analysis with less computational power, making it ideal for 

large-scale studies and community profiling. 

Long-read sequencing, such as nanopore sequencing, enables the amplification and analysis of 

the entire 16S rRNA gene, providing a more complete representation of microbial taxa in a 

sample. PacBio and nanopore sequencing are two widely used long-read sequencing 

technologies, each with unique strengths and applications. PacBio, developed by Pacific 

Biosciences, uses Single Molecule Real-Time (SMRT) sequencing to produce long, high-

quality, and highly accurate reads. Nanopore sequencing, from Oxford Nanopore Technologies, 

offers real-time sequencing with read lengths extending into megabases. It is particularly useful 

when rapid sequencing, portability, or extremely long reads are needed.  

 Although nanopore sequencing has a higher error rate compared to other technologies, it offers 

full-length 16S rRNA gene sequencing, improving species-level resolution and the detection of 

rare taxa (Benítez-Páez et al., 2016; Shin et al., 2016; Nygaard et al., 2020; Rodríguez-Pérez et 

al., 2020). Tools like NanoCLUST (Rodríguez-Pérez et al., 2020) and other data-polishing 

algorithms help mitigate errors, producing highly accurate consensus sequences. This 

advancement allows for precise species-level differentiation and classification of microbial 

communities, significantly enhancing the resolution and accuracy of metagenetics in 

microbiology studies. 

A typical bioinformatic analysis involves grouping sequencing reads into taxonomic units and 

calculating the microbial composition of samples. Figure 6 illustrates this workflow, 

highlighting the steps from sequencing to taxonomic profiling. 
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Source:figure from Huson DH et al., 2016, page 6 

Figure 6. Basic taxonomic binning workflow. This flowchart shows the steps from raw reads 

to taxonomic assignment with quality checks. 

 

For microbial community studies, especially those focusing on the 16S rRNA gene, short-read 

sequencing is often used to target key variable regions that help identify different species. This 

approach allows researchers to analyze community diversity and study microbial ecosystems 

effectively. Researchers can access 16S rRNA gene sequences in general databases like 

GENBANK (https://www.ncbi.nlm.nih.gov/) and specialized databases like the Ribosomal 

Database Project (RDP) (https://rdp.cme.msu.edu/), as well as others listed in Table 1. These 

databases, including the comprehensive and regularly updated ARB-SILVA (https://arb-

silva.de/), provide quality-checked ribosomal RNA sequences that support accurate taxonomic 

classification and enhance our understanding of microbial diversity. 

 

Table 1. Summary of the most widely used reference databases for metagenetics and 
metagenomics for bacterial analysis. 

Database Description Area of Use 

GENBANK 
A comprehensive repository of 
sequence data from all domains 
of life. 

General Research 

MG-RAST 

A metagenomics analysis 
server that allows functional 
comparison of microbial 
communities. 

Ecosystems, Human 
Microbiome Studies 

MetaHIT 

Focuses on human intestinal 
microbiota, providing a 
platform for metagenomic 
studies. 

Human Health, Disease 
Research 

Ensembl Genomes  
Offers genome-scale data from 
a variety of organisms. 

Comparative Genomics, 
Evolutionary Studies 
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SILVA 

Provides quality-checked 
ribosomal RNA sequences for 
accurate taxonomic 
classification. 

Biodiversity Monitoring, 
Microbial Ecology 

GreenGenes 

A 16S rRNA gene database 
providing curated taxonomy for 
bacterial and archaeal 
sequences. 

Microbial Diversity Studies, 
Taxonomic Classification 

GTDB 

A genome-based taxonomy 
database providing 
standardized bacterial and 
archaeal taxonomy based on 
genome sequences. 

Microbial Diversity Studies, 
Taxonomic Classification 

 

Bioinformatic processing is essential for obtaining accurate and reliable results from 16S rDNA 

amplicon sequencing. The goal is to achieve total sensitivity (detecting all 16S rRNA sequences 

and taxa) and total specificity (avoiding false positives), while also accurately representing the 

relative abundances of microbial communities in their natural environments. However, current 

methods often fall short due to imperfect recall (missing some sequences or taxa) or imperfect 

precision (detecting false sequences or taxa). These issues stem from various workflow-related 

flaws, such as biases in sample preparation (e.g., DNA extraction, PCR, library preparation), 

suboptimal experimental design (e.g., choice of amplicons and primers), errors introduced 

during sequencing, and limitations in bioinformatic analysis strategies (Kozich et al., 2013; 

Wesolowska-Andersen et al., 2014; Almeida et al., 2018). Addressing these challenges is 

critical to improving the accuracy and reliability of 16S rRNA amplicon sequencing and 

advancing our understanding of microbial communities in diverse environments. 

As microbiology continues to evolve, the rise of high-throughput sequencing (HTS) has 

revolutionized the study of microbial communities. However, these advancements also bring 

new challenges. The massive volume of data generated by HTS technologies, such as Illumina, 

PacBio, and Oxford Nanopore, demands robust computational tools and storage solutions. 

Additionally, processing, analyzing, and interpreting these large datasets present significant 

bioinformatic hurdles, including issues with data quality, error rates, and the difficulty of 

assembling short reads. In the next section, we will explore these complexities and discuss the 

need for improved tools to efficiently manage and analyze large-scale genomic data.  
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I.5 The rise of high-throughput sequencing data and its challenges 

The rise of high-throughput sequencing (HTS) platforms, including Next-Generation 

Sequencing (NGS) and Third-Generation Sequencing (TGS), has generated vast amounts of 

data, now stored in large public databases. Key resources like GenBank provide access to 

nucleotide sequences and their protein translations, while the Sequence Read Archive (SRA) 

serves as a repository for DNA sequencing data, particularly short reads (less than 1,000 base 

pairs) produced by HTS. These databases are part of the International Nucleotide Sequence 

Database Collaboration (INSDC), a partnership between the NCBI, the European 

Bioinformatics Institute (EBI), and the DNA Data Bank of Japan (DDBJ). While these 

resources have grown exponentially, managing, processing, and tracing interconnected data 

remains a significant challenge. 

In microbial taxonomy, 16S rRNA sequencing has proven effective for bacterial identification. 

However, alternative approaches like the Genome Taxonomy Database (GTDB) (Parks et al., 

2021) offer a broader genomic perspective. Unlike 16S rRNA sequencing, which focuses on a 

single genetic marker, GTDB uses whole-genome sequences to infer phylogenetic 

relationships, providing a more detailed understanding of microbial evolution and taxonomy. 

While 16S rRNA sequencing is widely used for its simplicity, GTDB complements it by 

offering higher resolution for evolutionary studies. Integrating these approaches can lead to a 

more comprehensive understanding of microbial diversity and its ecological implications. 

The rapid growth of sequencing data also presents challenges for accurately identifying and 

classifying bacteria in electronic databases. One major issue is that sequences in public 

databases are often annotated by the submitting authors without rigorous validation. For 

example, a 16S rDNA sequence might be labeled as a "bacterial environmental sequence" 

without precise taxonomic identification. Additionally, there is no standardized peer review 

process for taxonomic annotations, increasing the risk of errors. This makes it essential to 

handle these databases carefully to ensure reliable results. 

Another challenge is the lack of a uniform protocol for taxonomic identification across 

scientific journals, which can lead to mislabeling and incorrect attributions. Poor sequence 

quality, such as chimeric sequences or low-quality reads, further complicates accurate 

classification. These inaccuracies can propagate errors in metagenomic studies that depend on 
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precise taxonomy. Despite efforts to improve annotation quality, manual curation remains 

labor-intensive and slow, limiting progress. 

Furthermore, the growing volume of publications on bacterial biotopes and the difficulty of 

extracting information from text-based formats create barriers to understanding the 

relationships between bacteria and their environments. The absence of tools or databases to 

parse this textual data leaves a significant gap in our knowledge of bacterial distribution across 

different habitats. This information is critical for fields like human and animal health, 

agriculture, food production, and environmental science. Therefore, selecting appropriate 

sequencing data is crucial for studying bacterial groups and their habitats to bridge this gap. 

In this context, this thesis builds on the foundational work of Tamames et al. (2010) (Figure 7) 

to expand our understanding of prokaryotic taxa distribution. By exploring microbial 

communities in various ecological niches, this research aims to contribute to a broader 

understanding of ecosystem dynamics and their implications. 

Choosing the right sequencing datasets is a crucial step in microbial research, as it directly 

impacts the accuracy and scope of the analysis. With the immense diversity of microbial species 

and the limitations of current sampling efforts, researchers must carefully evaluate which 

sequencing approach best suits their study goals. Key factors to consider include read length, 

sequencing depth, and taxonomic resolution, as these influence the dataset's effectiveness. The 

next section will discuss strategies for selecting appropriate sequencing datasets, ensuring they 

align with research objectives and provide meaningful insights into microbial diversity. 
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Source: figure from Tamames et al. 2010 

Figure 7. The distribution of Taxonomic Families in Various Environments. This figure, 
extracted from the seminal work of Tamames and colleagues in 2010 on "Environmental 
distribution of prokaryotic taxa," presents a comprehensive exploration of the distribution of 
individual taxonomic families across different environment types. The inner circle shows a 
phylogenetic tree, based on the assumption that one representative sequence has been taken 
from each family. It was arbitrarily rooted in the split between bacteria and archaea, and 
families are colored with the corresponding phyla. Families containing at least 10 observations 
have been treated. The outer circle contains the number of times each family has been observed 
in a sample from a particular environment, marked by the bars. The stars marked on the bars 
have been reduced to one third of their original size for clarity.  
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I.6 Choosing the right sequencing datasets and limitation 

The immense diversity of microbial species makes cataloging them a complex task (Whitman 

et al., 1998). Many species are often missed in sampling efforts, leading to biases and an 

incomplete understanding of microbial community structures (Green et al., 2006). Additionally, 

our knowledge of the factors influencing bacterial distribution across environments remains 

limited. For example, entire bacterial groups are often broadly categorized as "marine" or 

"terrestrial," which may oversimplify their ecological roles. This raises questions about whether 

such categorizations reflect true environmental adaptations or simply gaps in our knowledge. 

To address this, standardized descriptions of habitats are essential. Initiatives like the Genomic 

Standards Consortium’s MIGS/MIMS (Minimum Information about a Genomic/Metagenomic 

Sequence) specifications aim to improve environmental metadata in research (Field et al., 

2008). 

 

Despite these challenges, modern research has made significant strides in exploring microbial 

diversity across ecosystems. By focusing on well-sampled environments, researchers can better 

study microbial taxa and overcome some of these limitations. In this thesis, we address the 

challenge of identifying bacteria labeled as "unknown" or "unclassified" at the species level. 

Such classifications are common in environmental samples, where databases like NCBI often 

lack detailed taxonomic information, while resources like SILVA and RDP provide more 

refined classifications (Hinchliff et al., 2015). To bridge this gap, we aim to develop a 

framework for identifying and tagging these "unknown" species by analyzing their distribution 

across different environments and linking them to ecological factors like soil type or water 

quality. 

 

Beyond SILVA, other datasets like the Genome Taxonomy Database (GTDB) and NCBI have 

become valuable resources for studying microbial taxonomy. Studies by Smith et al. (2014) and 

Parks et al. (2018) have used these datasets to explore bacterial and archaeal diversity, 

providing genome-based taxonomies that complement traditional approaches (Parks et al., 

2021). Integrating insights from these diverse datasets enhances our ability to understand 

microbial distribution patterns across environments. 

 

Since beginning our thesis in 2017, we have focused on the ARB-SILVA database, a key 

resource for rRNA alignment and quality control (Pruesse et al., 2007; Quast et al., 2013). We 
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use SILVA version 132, released in 2017, which contains over 6 million aligned sequences—a 

significant increase from the 461,823 sequences in version 91 (2007). This version includes 

high-quality, nearly complete sequences, filtered to exclude chimeras and ensure data integrity. 

Our choice of the SILVA SSU Parc dataset reflects our commitment to precision in microbial 

community analysis. 

 

Our research methodology involves sampling, extracting bacterial DNA, targeting the 16S 

rDNA, and analyzing microbiota using the SILVA SSU Parc dataset as a reference. This dataset 

serves as the foundation for developing a tracking system to identify microbial sources, whether 

from hosts or environments. This approach represents a shift toward more refined and 

comprehensive methods for studying microbial communities. 

 

Building on the SILVA datasets, the next phase of our research focuses on understanding 

microbial habitat interactions. By leveraging advanced classification systems that capture the 

physicochemical properties of habitats, we aim to deepen our insights into microbial ecology. 

This will help refine ecological models and inform strategies in environmental and applied 

microbiology.  
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I.7 Exploiting microbial habitat information  

Understanding microbial habitats requires a detailed and adaptable classification system that 

meets the needs of modern microbial ecology research. Such a system must balance breadth 

and depth, covering the wide diversity of microbial environments while distinguishing their 

unique physicochemical properties. This depth is essential for uncovering the complex 

relationships between microorganisms and their surroundings. Additionally, the system should 

be dynamic, allowing for regular updates, easy maintenance, and automated use to keep pace 

with new discoveries and technological advancements. 

 

A well-designed classification system should align with the goals of microbial biodiversity 

studies. It must be user-friendly for microbiologists, grouping similar environments to enable 

meaningful analysis. By organizing habitats into logical clusters, researchers can better 

understand the shared characteristics and ecological dynamics of specific environments. 

 

In comparative analysis, metadata plays a crucial role. Metadata provides context for microbial 

samples, including details like geographical location, sampling time, procedures, and 

environmental conditions. This information is vital for interpreting microbial community 

composition and characteristics, especially in metagenomics. While structured text descriptions 

are useful, they often fall short of capturing the full richness of metadata. Therefore, improving 

metadata standards is essential for unlocking its potential. A well-structured metadata 

framework supports cross-study comparisons, meta-analyses, and predictive models, enhancing 

our understanding of microbial ecology and its broader applications. As technology advances, 

metadata standards must evolve to remain relevant and useful. 

 

Building on the importance of metadata, the next challenge is standardizing terminology and 

sample annotations. Consistent and accurate metadata is critical for organizing, retrieving, and 

comparing information about microbial habitats. Harmonizing content, syntax, and terminology 

will improve data interoperability and support the growing need for reliable, reusable data in 

microbial ecology. This standardization lays the foundation for future advancements in the 

field.  
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I.8 Ontology Work: Classification of Terms and Relationships 

Ontologies are formal, structured frameworks that represent knowledge in a specific domain by 

defining concepts (terms), their properties, and the relationships between them (Ashburner et 

al., 2000; Smith et al., 2007). In microbial ecology, ontologies standardize and organize 

metadata, enabling consistent annotation, data integration, and interoperability across studies. 

Key components of ontologies include terms (e.g., "soil," "human gut"), relationships (e.g., 

"part_of," "located_in"), hierarchies (e.g., "environment" > "aquatic environment"), and 

attributes (e.g., pH, temperature) (Buttigieg et al., 2013a). Creating an ontology involves 

domain analysis, term definition, relationship establishment, hierarchy construction, validation, 

and integration with tools and databases (Jensen et al., 2012). 

To address the need for consistent and detailed metadata, the microbial and molecular ecology 

communities have developed standards like MIMARKS (Minimum Information about a 

MARKer gene Sequence) (Field et al., 2008). MIMARKS provides guidelines for annotating 

microbial samples with comprehensive metadata, ensuring standardized content, syntax, and 

terminology. This standardization is crucial for organizing and retrieving information about 

sample origins. Additionally, harmonizing reference keywords for bacterial habitats supports 

the creation of databases and tools that use sequence alignment to infer sample sources. This 

aligns with the FAIR data principles, which emphasize making data findable, accessible, 

interoperable, and reusable. 

One well-known ontology is the Environment Ontology (ENVO) (Buttigieg et al., 2013a), 

which provides a comprehensive framework for describing environmental biotopes, such as 

"soil," "marine environment," and "freshwater ecosystem." Similarly, OntoBiotope (Karadeniz 

& Özgür, 2015b) focuses on microbial habitats related to food and environmental samples. 

Text mining tools, such as BioNLP (Robert Bossy, 2019) and Seqenv (Sinclair et al., 2016a), 

leverage these ontologies to extract and structure biotope information from scientific 

publications. These tools use machine learning and ontological dictionaries to identify bacterial 

habitats, including those related to food (Chaix et al., 2019). However, they face limitations 

when handling uncultivable bacteria, which make up over 90% of bacterial diversity. Similarly, 

Seqenv relies on raw text from publications, which can lead to mislabeled sequences due to a 

lack of standardized biotope terms. Another tool, FORENSIC, offers a practical solution for 

identifying fecal sources in water quality testing by using a library of human and animal 
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reference signatures, eliminating the need for users to create their own databases (Roguet et al., 

2020). 

Despite their utility, existing ontologies like ENVO and OntoBiotope primarily focus on 

environmental biotopes, leaving a gap in understanding bacteria associated with host 

organisms.  

However, text mining approaches face challenges such as spelling errors, homonyms, and 

inconsistencies in terminology, which are common in biological contexts (Jensen et al., 2012). 

These limitations exclude uncultured microorganisms and can lead to confusion. Despite these 

challenges, our work aims to improve data quality and research outcomes by standardizing 

metadata and developing reliable tools for inferring bacterial habitats.  
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I.9 Bayesian Probability: Philosophy and Application in Microbial Source 

Tracking 

Bayesian probability is a statistical framework that interprets probability as a measure of belief 

or confidence in an event, updated as new evidence becomes available (for an introduction on 

bayeseian network in computational biology, see Needham, et al 2007). Unlike classical 

("frequentist") probability, which defines probability as the long-run frequency of events, 

Bayesian probability incorporates prior knowledge (a "prior") and updates this belief with 

observed data to produce a posterior probability. This approach is formalized in Bayes’ 

theorem: 

𝑃(𝐻|𝐷) =
𝑃(𝐷|𝐻). 𝑃(𝐻)

P(D)  

where P(H∣D)P(H∣D) is the posterior probability of hypothesis H given data D, P(D∣H) is the 

likelihood of observing D under H, P(H)is the prior probability of H, and P(D) is the probability 

of the data. 

 

Bayesian methods emphasize subjectivity in probability, acknowledging that prior knowledge 

and assumptions influence conclusions. This contrasts with frequentist approaches, which rely 

solely on observed data and avoid incorporating prior beliefs. In microbial source tracking, 

Bayesian frameworks are particularly powerful because they allow researchers to integrate 

existing ecological knowledge (e.g., known host-specific markers or environmental 

distributions) with new sequencing data to objectively infer contamination sources. By 

iteratively updating probabilities as more data is collected, Bayesian models reduce bias and 

adapt to evolving evidence, making them ideal for complex, noisy biological systems. 

Bayesian probability underpins many microbial source tracking tools, such as SourceTracker 

(Knights et al., 2011), which estimates the proportional contribution of different sources (e.g., 

human, animal, soil) to a microbial community. For example, if a water sample contains 

Bacteroides sequences associated with humans, the Bayesian model combines prior knowledge 

of Bacteroides prevalence in human feces with observed sequence abundances to calculate the 

posterior probability that the contamination originated from humans. This approach quantifies 

uncertainty, providing confidence intervals for source attributions a critical feature for 

environmental monitoring and forensic investigations. Bayesian models also address challenges 
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like incomplete reference databases or low-biomass samples by probabilistically assigning 

sequences to the most likely sources, even when exact matches are absent. This flexibility is 

invaluable in studying uncultured bacteria or novel environments, where traditional methods 

may fail. 

While Bayesian methods dominate source tracking, other probabilistic frameworks are also 

used: 

1. Frequentist Probability: Focuses on maximum likelihood estimation (MLE) without 

incorporating prior knowledge. Tools like FEAST (Shenhav et al., 2019) use MLE to 

estimate source contributions but lack Bayesian adaptability to update hypotheses with 

new data. 

2. Machine Learning (ML) Models: 

• Random Forest: A non-Bayesian ML algorithm that constructs decision trees to 

classify sources based on sequence features (e.g., marker gene abundances). While 

powerful for pattern recognition, it treats probabilities as fixed frequencies and does 

not integrate prior ecological knowledge. 

• Support Vector Machines (SVM): Maps sequences to high-dimensional spaces to 

classify sources but offers limited interpretability compared to Bayesian posterior 

probabilities. 

3. Hidden Markov Models (HMMs): Used in tools like PhyloSource (Martiny et al., 

2006) to model transitions between microbial states across environments but require 

predefined transition probabilities, unlike Bayesian adaptive priors. 

Bayesian methods excel in microbial source tracking by quantifying uncertainty (e.g., 

confidence intervals for contamination sources) and handling incomplete data. They 

probabilistically assign sequences to likely sources even without exact database matches, 

aiding studies of uncultured bacteria. In contrast, frequentist tools like FEAST use 

maximum likelihood estimation but lack Bayesian adaptability. Machine learning models 

(e.g., Random Forest, SVM) classify sources based on patterns but treat probabilities as 

fixed frequencies, ignoring prior ecological knowledge. Hidden Markov Models (e.g., 

PhyloSource) require predefined transition probabilities, unlike Bayesian adaptive priors. 

Hybrid approaches, such as combining Bayesian inference with machine learning, could 

enhance predictive power while retaining interpretability. Table 2 below summarizes the 
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key strengths and limitations of Bayesian frameworks in microbial source tracking, 

balancing their adaptability and objectivity against inherent challenges. 

Table 2. Advantages and Challenges of Bayesian Approaches in Microbial Source 

Tracking 

Advantages Limitations 

Objectivity: Explicit priors reduce bias in 

ambiguous data interpretation. 

Prior Sensitivity: Incorrect priors (e.g., 

outdated host-specific markers) skew results. 

Uncertainty Quantification: Posterior 

probabilities provide confidence metrics for 

predictions. 

Computational Complexity: Resource-

intensive for high-dimensional datasets. 

Adaptability: Priors update with new data 

refining hypotheses as databases expand. 
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I.10 Source Tracking Tools: advantages and disadvantages 

Advances in bioinformatics have led to the development of numerous tools for microbial source 

tracking, each designed to address specific challenges in analyzing microbial communities and 

studying host-microbiome interactions. While widely used tools like SourceTracker and 

MetaPhlAn remain central to the field, newer frameworks such as SeqEnv, BioNLP, 

FORENSIC, and GenBank-hosted datasets have expanded the scope of microbial source 

identification and ecological analysis. 

SeqEnv matches microbial sequences to environmental parameters using reference databases, 

linking microorganisms to their ecological niches. This approach is particularly useful for 

environmental microbiology but is limited by the quality and completeness of the metadata in 

reference databases (Sinigalliano et al., 2019). 

BioNLP uses natural language processing (NLP) to analyze metagenomic data, extracting 

annotations and mapping microbial communities to their sources. While effective for 

synthesizing large datasets, its reliance on annotated literature and structured ontologies limits 

its use in novel or poorly characterized environments (Fang et al., 2017). 

FORENSIC is a specialized tool for microbial source attribution, using machine learning and 

statistical modeling to improve prediction accuracy. It is highly effective in forensic 

microbiology, such as criminal investigations and environmental contamination tracing. 

However, its need for extensive training data and computational resources can make it less 

accessible to some researchers (Clancy et al., 2021). 

GenBank, hosted by the NCBI, is a key resource for studying host-microbiome interactions. A 

recent study by Ramanan et al. (2022) demonstrated its ability to correlate host-microbiome 

data across diverse environments through comparative genomic and metadata analyses. 

However, the accuracy of its analyses depends on the quality and completeness of the submitted 

sequences and metadata. 

Together, these tools (summarized in Table 3) form a robust and evolving framework for 

microbial source tracking. They enable applications in public health, ecology, and forensic 

research. When combined with traditional techniques like PCR and metagenomic sequencing, 

these bioinformatics tools provide deep insights into microbial community structures and their 

origins, advancing our understanding of microbial ecology and host-microbiome dynamics. 
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Table 3. Summary of the most bioinformatic tool tracking the source of bacteria with 
their advantages and disadvantages. 
 
 

Tool Advantages Disadvantages Type of Data 
Used 

Citation 

SourceTracker - Estimates 
proportional 
contributions from 
various sources 
- Broad applicability 

- Requires a diverse 
and comprehensive 
reference database 
- Struggles with rare 
microorganisms 

16S rRNA, 
metagenomic 
data Knights et al., 

2011 

MetaPhlAn - High taxonomic 
resolution 
(species/genus level) 
- Marker-based 
detection 

- Limited ability to 
identify novel 
microbes 
- Does not directly 
quantify environmental 
or host contributions 

Marker genes, 
metagenomic 
data Segata et al., 

2012 

FEAST - Computationally 
efficient 
- Works with 
minimal training 
data 

- Poor performance in 
resolving highly 
similar microbial 
communities 

16S rRNA, 
metagenomic 
data Shenhav et 

al., 2019 

PhyloSource - Integrates 
phylogenetic data 
- Robust even with 
limited datasets 

- High computational 
demands 
- Less user-friendly 
than alternatives 

Phylogenetic 
markers, 
metagenomic 
data 

Martiny et al., 
2006 

Kraken2/Bracken - Fast and accurate 
classification 
- Scalable for large 
datasets 

- Dependent on 
completeness of 
reference genomes 
- Limited in poorly 
studied environments 

Whole-
genome 
sequencing, 
metagenomic 
data 

Wood et al., 
2019; Lu et 
al., 2017 

mlST - Data-driven 
insights using 
machine learning 
- Learns patterns for 
improved accuracy 

- Requires extensive 
training data 
- Complex 
implementation and 
analysis 

Genomic, 
metagenomic, 
and metadata Ramazzotti et 

al., 2019 

SeqEnv - Links sequences to 
environmental 
metadata 
- Useful for niche-
specific tracking 

- Limited by the 
resolution and 
completeness of 
environmental 
databases 

Environmental 
DNA, 
metagenomic 
data 

Sinigalliano 
et al., 2019 

BioNLP - Leverages natural 
language processing 
- Integrates 
annotations and 
metadata 

- Relies on annotated 
literature and 
structured ontologies 
- Gaps in poorly 
described 
environments 

Textual data, 
annotated 
literature  

Fang et al., 
2017 

FORENSIC - Effective in 
forensic 
microbiology 
- Machine learning 
enhances precision 

- Requires extensive 
training datasets 
- Computational 
expertise needed 

Genomic, 
metagenomic, 
and forensic 
data 

 
Clancy et al., 
2021 
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GenBank 
(Ramanan, 2022) 

- Comprehensive 
host-microbiome 
dataset 
- Enables 
comparative 
genomics and 
metadata integration 

- Dependent on quality 
and completeness of 
submitted sequences 
- Analysis accuracy 
varies with metadata 
quality 

Genomic, 
metagenomic, 
and metadata Ramanan et 

al., 2022 
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Thesis Objectives 

The challenges inherent in source tracking, particularly within the realm of microbial source 

tracking (MST), are multifaceted and demand a nuanced approach. The complexity of 

environmental matrices, the diversity of microbial communities, and the dynamic nature of 

microbial interactions all contribute to the intricacies of accurately pinpointing the origins of 

bacterial contamination. 

In light of these challenges, the overarching aim of this thesis is to evaluate the contribution of 

molecular microbiology techniques to the field of source tracking. Specifically, it seeks to 

ascertain the degree to which metagenetic method can elucidate the sources of bacterial 

presence. 

To this end, the proposed strategy makes use of the widespread 16S rDNA amplicon 

sequencing, targeting a phylogenetic marker ubiquitously present across the bacterial domain. 

By analyzing the sequences retrieved, one can discern the identity and relative abundance of 

bacterial taxa within a given sample. 

The initial phase of this strategy entailed the construction of a database “BiotopeBac” that 

correlates 16S rDNA sequences, sourced from GenBank, with corresponding information on 

their origins and biotopes, where available. The utility and validity of this database are critical 

for its integration with metagenetic analyses. 

Proceeding from a novel hypothesis, the second phase questions whether a 16S rDNA amplicon 

profile can reveal its source matrix. This segment of the research delves into the broader concept 

of bacterial dispersal in the environment. A newly developed computational tool facilitates the 

swift determination of a 16S rDNA amplicon profile’s source. 

The final segment of the research applies a combined 16S rDNA metagenetic-database 

approach to pinpoint various potential sources of bacterial contamination. This is exemplified 

in two case studies: the first investigates the origins of fecal contamination within the sanitary 

facilities of a veterinary faculty, and the second assesses the water quality of multiple riverine 

bathing sites in the Walloon Region, with a focus on fecal pollutants. 
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This thesis, therefore, stands at the intersection of molecular biology and environmental 

science, endeavoring to advance our understanding of microbial ecology and the practical 

applications of MST in assessing environmental health.
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Database and Software: 
development and 

validation 
 

 

Chapter III 
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III.1 Introduction  

Building on the challenges presented in Chapter I, this project addresses the need for a 

comprehensive and dynamic classification system tailored to microbial habitats. Such a system 

must not only capture the vast diversity of bacterial communities but also effectively distinguish 

their environmental properties. Additionally, it must be adaptable, supporting regular updates 

and the automated incorporation of new data as scientific knowledge and technologies evolve. 

A key element in this endeavor is the accurate annotation of microbial samples with detailed 

metadata. Critical contextual information such as geographical location, sampling techniques, 

and environmental characteristics allows for deeper comparative analysis of microbial 

communities. By enhancing metadata standards, we aim to streamline data analysis, improve 

cross-study comparisons, and support meta-analyses and predictive model development. 

ontologies like Environment Ontology (ENVO), OntoBiotope, and Bacteria Biotope (BB) play 

a pivotal role in organizing and retrieving biotope-related information. However, these tools 

are predominantly focused on environmental habitats, leaving a significant gap in the 

representation of host-associated bacterial ecosystems. 

To bridge this gap, we developed “BiotopeBac”, a specialized database designed to catalog 

bacterial-habitat associations by linking annotated sequence data with corresponding biotope 

metadata. The primary goal of BiotopeBac is to create an open-access resource that connects 

reliable biotope information with bacterial taxonomic data derived from 16S rDNA and 

amplicon sequences. By intertwining these essential components, the database enhances our 

ability to explore bacterial diversity across varied environments. 

In this chapter, we outline the methodologies employed to construct BiotopeBac, beginning 

with the Preparation Phase. This phase involves downloading raw sequence data and 

metadata, manually annotating terms, and constructing the relational database structure. The 

Dereplication Phase follows, which includes filtering and clustering the data to ensure 

accuracy and consistency. In this section, we also introduce the Metagenomic Source Tool 

(MGST), which was developed to analyze the data effectively. 

The chapter then transitions into the database exploitation and validation section, where we 

discuss how the database was applied to selected BioSamples, the pre-processing of sequence 

reads, and the classification of samples. We also describe the construction and use of the 
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Sequencing Tracking tool (ST), developed to facilitate tracking bacterial sequences through 

different environments. This tool, alongside MGST, forms the backbone of our biotope 

identification methods, further detailed in later sections. 

Our methodology heavily relies on 16S rDNA sequencing, a well-established approach for 

bacterial taxonomic identification. The choice of the 16S gene as a marker is deliberate, as it 

allows for the standardized comparison of bacterial populations across various studies. 

However, relying solely on species labeling can introduce errors due to misidentifications or 

database inconsistencies. To address these issues, we propose bypassing species-level 

identification when sequence similarity is low and instead linking sequences directly to their 

biotope. 

The remainder of this chapter delves into the technical aspects of constructing the database. We 

begin with the collection of 16S rDNA sequences from public databases such as SILVA and 

GenBank, followed by the extraction of environmental metadata. This information was 

organized using a controlled vocabulary to ensure consistency across the dataset. We then 

describe the process of building the relational database using SQL and the subsequent 

development of tools for database exploitation. Finally, we validate the database through 

application to specific datasets, including restroom and natural bathing water environments. 

In summary, this chapter offers a detailed overview of the steps taken to construct and validate 

BiotopeBac, alongside the tools developed to facilitate microbial ecology research. The insights 

gained from these analyses lay the groundwork for advancing our understanding of bacterial 

diversity and biotope associations, which are explored further in the Results and Discussion 

chapters that follow. 
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III.2. Material and methods 

III.2.1 Preparation phase and BiotopeBac database construction 

III.2.1.1 Download raw sequence data 

Our initiative commenced with the SSU Parc files sourced from the arb-SILVA sequence 

collection. This dataset, already annotated and quality-checked, encompasses redundant 

sequences identical sequences with distinct metadata. Our primary objective was to preserve 

authentic bacterial 16S rDNA sequences within the SILVA database, excluding chimeric 

sequences (formed from two different template DNAs due to a mismatch during PCR 

amplification) based on sequence quality scores, and with relevant source information or links 

to scientific publications. 

We successfully retrieved SSU Parc files in fasta format version 132 from the ARB website 

(https://www.arb-silva.de/documentation/release-132/), witnessing an augmentation in the 

sequence count to over 6,073,181. Through careful curation, we extracted and retained all 

sequences attributed to the bacterial kingdom. At the conclusion of this meticulous process, our 

dataset included crucial information such as Accession numbers, taxonomy paths, and fasta 

files or sequences (refer to Figure 8). command line related to this phase detail in Appendix 1.  

 

Figure 8. Silva data fields extraction for database construction workflow. This figure 
illustrates the extraction and retention of fields from Silva data essential for the subsequent 
stages of the database construction workflow.  
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III.2.1.2 Download metadata  

In the subsequent step, we gathered the Accession numbers associated with each retained 

sequence from the prior stage. These Accession numbers were instrumental in querying and 

downloading the corresponding XML files from EMBL-Genbank database. Figure 9 provides 

a visual representation of a sample XML file, offering insight in its structure and content. 

 

Figure 9. Structure of the XML file and showcases the extraction of host information 
values from the dataset. The XML file format, highlighting the key fields with a specific focus 
on the extraction process of host information, is a critical aspect of our database construction. 

In our data retrieval process, we utilized a specialized bash script, outlined in detail in Appendix 

2, to systematically download XML format files from the extensive EMBL-Genbank database. 

To outline our methodology, we commenced with a dataset encompassing 6,073,181 entries 

from SILVA's 16S rDNA gene (SSU) Park collection. Our approach focused on selectively 

retaining sequences with host information, delineated in Figure 2. Unfortunately, 719,945 

sequences lacking essential information were excluded during this curation process. 

Consequently, our dataset underwent refinement, resulting in 5,353,236 sequences that contain 

relevant information or publication. The aim was to capture information for all 5,353,236 

accessions within this vast repository. Following the execution of our script, the outcome was 

a comprehensive dataset comprising 26,754 XML format output files. Each of these files 

encapsulated a grouping of 200 complete Accession records, creating a structured and 

organized resource for our subsequent analyses and investigations. 



 

 50 

We curated the data obtained from the XML files, employing a bash script programmed for this 

specific purpose (refer to Appendix 3). Our focus during this process was on refining the dataset 

by filtering out any inappropriate or irrelevant information. The extracted fields from the XML 

files encompassed a range of essential details, including accession numbers, taxonomic 

divisions (such as BAC, VEC, FUN, EUK), molecule types (genome, DNA sequence, vector), 

sequence lengths, first publication and last updated dates, study or publication titles, DOI 

numbers, Pubmed accession numbers (PMID) for associated publications, and host notes. 

Additionally, where applicable, information from the reference source fields was also included 

in our refined dataset. This careful curation ensures the dataset's precision and relevance for 

subsequent analyses. 

Within this curated dataset, sequences with host/source information were systematically 

organized based on associated publications. In cases where host/source details couldn't be 

deduced from the publication, we preserved the associated project title as a valuable reference 

for understanding the origins of the sequences deposited on those databases. Within the dataset 

of 5,353,236 entries, a substantial 95% of the data included relevant source information 

(Accession number, taxon field, Data of first publication, Title associated to publication, DOI 

link, Pubmed ID, host information) as shown in figure 10.  

 

Figure 10. An example of metadata collection from an EMBL file. The top section of the 
figure shows the header of the file, which includes general information, such as the accession 
number and the title of the publication. The bottom section shows the PubMed ID and other 
important information, such as the isolation source. The metadata collected from these sections 
can be used to characterize the microbial community and identify the potential sources of 
environmental samples. 

Only 236,449 sequences were excluded as they lacked pertinent data after the first treatment of 

those downloaded XML files. Figure 11 visually outlines the workflow, culminating in a refined 

set of 5,116,787 bacterial sequences with host information sourced from Genbank.  
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Figure 11. Workflow illustrating the data curation process. Beginning with a dataset of 
5,353,236 entries, the curation process focused on retaining sequences with relevant source 
information. Sequences lacking such information (236,449 entries) and identified solely by title 
publication were excluded. The final output comprised 5,116,787 bacterial sequences with host 
information sourced from Genbank. 
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III.2.1.3 Manual terminology annotation 

At this juncture, the metadata associated with 16S sequences is in its raw form, having been 

directly extracted from Genbank. The proliferation of data across diverse web-based platforms 

poses a challenge, as sourcing information from different datasets often corresponds to several 

disparate entities. Although a controlled metadata vocabulary, such as the Minimum 

Information about a MARKer gene Sequence (MIMARKS) system, has been developed for 

Next-Generation Sequencing (NGS) datasets, it is not obligatory for Sanger DNA databases 

like Genbank. The unique value proposition of our database lies in the integration of metadata 

that is formatted to be readily recognized by an associated ontological dictionary. To achieve 

this, we undertook meticulous control and processing of the metadata to ensure correct 

structuring. 

In our literature review, we identified several studies employing an equivalence search of 

semantic terms, based on the Environmental Ontology (ENVO) dictionary, which is widely 

employed in the field of biology (Buttigieg et al., 2016; Walls et al., 2012). However, a 

limitation of this dictionary is its simplistic semantic identity search, where a term is either 

recognized or not, without the capability for taxonomic classification (Smith et al., 2007). This 

inherent limitation underscores the need for a more sophisticated approach to semantic 

searching in our context, as noted in various studies (Jupp et al., 2016). 

We devised a systematic approach grounded in ontological reasoning and linguistic analysis of 

terms embedded in associated metadata. Our initial efforts focused on synthesizing synonyms 

and ontological paths to construct a comprehensive reference file. However, complications 

arose with sequences linked to hosts or clinical metadata, as they were inadequately annotated 

by existing ontologies like ENVO. Additionally, automatic terminology evaluation overlooked 

issues like spelling errors and the presence of ambiguous and associative terms (e.g., "sea 

horse," which, unlike "sea" and "horse," refers to the host and carries a distinct meaning). 

We considered two types of terms: irrelevant terms (undesirable terms) and reference terms 

(words to be converted to ontological terms). The irrelevant terms were composed of: stop 

words (e.g., "a", "about", "above", "after"), non-relevant words (e.g., "alpha", "api", 

"closely"), and microbial terms (e.g., “Acetobacterium”, “anaerobic”, “antibiotic”, 

Candidatus_Carsonella") present in the title of the publication or the information about the 

isolation source. Controlled terms were composed of associative terms or paired terms (e.g., 
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“guinea pig”, “jack mackerel”, “horse weed”), entity synonyms and spelling errors (e.g., 

“feces”, “fece”, “faecal”, “faeces”, “fecal”, “stool”, “excrements”, “excrement”, “faces”, 

“fecess”) (see Figure 12).  

 
 

Figure 12. A workflow of our terminology construction process, showcasing the 
representation of various file types and providing examples of each. Additionally, it 
highlights the seamless integration of these file types into our comprehensive dictionary file 
system. 

Verification of metadata and the establishment of a controlled vocabulary strictly followed the 

prescribed OBO file format or Dico system file, as illustrated in Figure 13. This format 

encompasses the following key components: id (term number), name (original term), def 

(terminology or taxonomic classification), synonym (alternative terminology, spelling errors, 

or vernacular names), is_a (term format), and relationship path (encompassing the complete 

path of the ontological term). 

The culmination of this process involved predominantly utilizing PERL programming, as 

detailed in Appendix 4, to create our final ontological reference file. 
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Figure 13. An illustrative example of the reference file used for metadata formatting. It is 
accompanied by the curated dictionary file, which standardizes and organizes the data. 

Our ontological annotation strategy underwent a comprehensive three-step evolution. Initially, 

we examined the metadata to construct a specialized database featuring a controlled vocabulary. 

Subsequently, we developed a controlled vocabulary comprising word-set terms (FLAGs) that 

intricately linked previously formatted ontological terms under a more general semantic 

definition. These word-set terms effectively represented taxonomic categories and grouped host 

families from the animal, plant, and human kingdoms, streamlining source searches and 

seamlessly aligning with the structure of metagenetic profiles. The transformation of metadata 

was executed through a PERL script, created in our laboratory (refer to Appendix 5). 

The primary objective of this file is to convert raw metadata into well-referenced keywords. 

Comprising a total of 99,333 keywords, each with six distinct fields, the file's information 

content falls into two primary categories. Firstly, we handle nomenclatural information, 

encompassing scientific names, etymology, related names, and other pertinent details, all 

classified under the "Organism Name" category. These terms are further organized into word-

sets, each denoted by the prefix "Org::". Secondly, environmental information is included, 

categorized under "Environmental Information," with terms also grouped into word-sets 

marked by the prefix "Env::".  

The final and concluding step involved processing the input file, incorporating all host sources 

terms associated with sequence information. This was carried out using a documented file 
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named “Biotopebac.obo”, which contains curated term alignments with a reference 

terminology, as described in the previous steps (see Appendix 6). 

Initially comprising 5,116,787 sequences with raw host source data predominantly labeled with 

"sequence" and "dna" terms, our dataset underwent effective filtration. Following the utilization 

of the OBO file “BiotopeBac.obo”, this process resulted in the successful isolation of 4,264,470 

sequences associated with curated keywords, specifically those labeled "human" and "soil" as 

the prevailing terms. A subsequent, more refined selection process further distilled the dataset, 

retaining 3,195,698 sequences annotated with curated word-sets. The outcomes of this selection 

process are visually depicted in Figure 14. 

 

Figure 14. Dataset refinement. Illustrates the stepwise refinement of the initial dataset 

(5,116,787 sequences) with raw host source data and 4,264,470 sequences were obtained, 

emphasizing curated keywords and Further refinement yielded 3,195,698 sequences with 

annotated word-sets. 

In the following paragraph, we will elucidate our approach to structuring the database, ensuring 

comprehensive coverage of information pertaining to downloaded sequences and their 

associated host information. 

III.2.1.4  Creation of the relational database structure  

Our database constitutes an extensive repository of information, necessitating meticulous 

structuring and storage on a physical medium. The intricacies of data retrieval, involving 

multiple interacting criteria, make it a complex operation. The use of an apt language is 

paramount, and SQL (Structured Query Language) emerges as the widely adopted choice. 
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Consequently, we employed MySQL as our data structuring tool to effectively manage and 

navigate this wealth of information. 

Information was organized in relation to a singular identity, involving a transformation that 

eliminated or minimized redundant occurrences of the same information across multiple lines. 

This restructuring resulted in the uniqueness of each line, often accompanied by the inclusion 

of a numerical label or identifier. This approach enhanced the efficiency of data referencing in 

a tabular format. 

The organization of data into multiple independent tables not only facilitated the preservation 

of referencing links between them but also streamlined the process of searching for specific 

elements. Figure 15 illustrates the nature of these links, distinguishing between direct and 

indirect connections with the entities gathered for database construction. 

 
Figure 15. Database relationships. Illustrates the structured relationships between entities in 

the database. Direct and indirect links are highlighted, showcasing the interconnected nature 
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of the entities collected for database construction. This visualization aids in understanding the 

intricate web of associations within the data modelusing miro tool . 

To elevate clarity and flexibility in portraying information and relationships across tables, we 

formulated a model leveraging the concept of entities and associations within a conceptual 

database schema. These entities are equipped with attributes and keys, essential components 

for establishing meaningful relationships. This method facilitates a more intuitive depiction of 

information and relationships, eliminating the initial need to worry about the precise structure 

in terms of tables and columns.  

¨ Entities 

Entities refer to identifiable groups of elements within the same application or context domain, 

forming the foundation for our database establishment. In our approach, data is 

compartmentalized into entities or tables, each containing specific elements known as attributes 

(see Figure 16). 

The database structure hinges on the separation of information based on context and the 

inherent relationships between data elements. For instance, the "Sequence" entity encompasses 

data directly associated with sequences along with their respective accession numbers. This 

deliberate structuring enhances the clarity and relevance of the information within each distinct 

entity. 

In our conceptual database diagram, we have delineated five distinct entities: 

- "Sequences" entity: This entity encompasses all nucleotide sequences, linked 

with their accession numbers, identifier numbers for taxonomic affiliation, and 

details regarding the origin of the sequence sample. 

- "Keywords" entity: Within this entity, terms are stored in accordance with 

the reference file, alongside their corresponding tag terms. 

- "Wordsets" entity: This entity houses the tag terms utilized in conjunction 

with the "Keyword" entities. 

- "Description" entity: This entity serves as a repository for information related 

to publications. 

- "Taxons" entity: Here, taxonomic affiliations of bacterial species retrieved 

from our database are stored. 
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¨ Attributes 

Entities are distinguished by properties or attributes, each defined based on their type or 

cardinality. For instance, all sequences are associated with attributes such as accession number, 

publication title, publication description, DOI, genus, and species. 

¨ Identifiers 

Identifiers, or keys, are attributes or sets of attributes that uniquely identify elements within an 

entity type. In cases where none of the attributes can distinctly differentiate each element, it 

becomes necessary to create an attribute whose primary function is to serve as a key. Examples 

include idTaxon, idSequence, idKeyword, idWordset, and idDescription. 

The "Sources" entity incorporates linking attributes known as foreign keys, specifically 

Sequences_idsequence and Keywords_idkeyword in our context. These foreign keys establish 

connections between different entities, contributing to the relational structure of the database. 

¨ Associations 

Associations denote relationships between different entities and are expressed intuitively as 

actions per entity. Various types of associations exist, categorized by their functional class and 

whether they are mandatory. In our case, we incorporate both one-to-many and many-to-many 

associations (refer to Figure 16). 

- One-to-many associations: These link the "Sequences" entity to "Description" (where 

several sequences share a publication), the "Keywords" entity to "Wordsets" (where several 

formatted terms belong to a single wordset group), and the "Sequences" entity to "Taxons" 

(where several sequences share a single taxonomic identity). 
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- Many-to-many associations: These exclusively link the "Sources" entity to 

"Sequences" (indicating that several sequences can have multiple formatted terms).

 
Figure 16. Database associations. This illustration captures the associations among diverse 
entities within the database schema. The diagram prominently showcases both one-to-many 
associations (such as that between "Sequences" and "Description") and many-to-many 
associations (notably connecting "Sources" to "Sequences"). This visual depiction serves to 
elucidate the relational structure and connections inherent in the various entities of the 
database. The Conceptual Relational Schema, incorporating these associations, was designed 
using the MySQL Workbench tool. 

The schema underwent a conversion into SQL language utilizing the MySQL tool, resulting in 

an SQL format script (refer to Appendix 7). To query BiotopeBac-DB, we utilized the SQLite 

command-line interface (http://www.sqlite.org/index.html). To facilitate this process, we added 

a module to MySQL Workbench that enabled the SQL logical model to be written in SQLite 

dialect. The source database file, “BiotopeBac.sdb”, was saved in the binary format of SQLite 

can be downloaded from Figshare under the following DOI (10.6084/m9.figshare.24499804). 

III.2.1.5  Keywords and word-sets visualization   

A word cloud was used to analyze metadata associated to collected and stored in database in 

the preparation phase by using the tm package in R (refer to Appendix 8).  
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III.2.2 Dereplication phase and validation software 

III.2.2.1 Filtering, Clustering and Exclusion 

• Filtering of ambiguous sequences 

Upon concluding the preparation phase, out of the 3,195,698 sequences annotated with 

corresponding wordsets (refer to Figure 17), a nuanced challenge emerged. Identical and 

partially identical sequences, originating from different records and potentially linked to 

distinct wordsets, coexist within this dataset. Complicating matters further, certain sequences 

exhibit ambiguous character states (ambiguous nucleotide annotation) despite being otherwise 

identical to their counterparts. 

To address this complexity, we identified 184,223 sequences containing at least one such 

ambiguous character state. In response, we generated a "pure-full" version of the database 

alongside the original "semi-full" database, offering a refined perspective on sequence 

clustering and dereplication (see Figure 17). This strategic approach not only enhances the 

precision of the database but also allows for a more nuanced exploration of identical and 

partially identical sequences with attention to ambiguous nucleotides. 

• Clustering of identical sequences and wordset consolidation 

Following the generation of both the "pure-full" and "semi-full" database versions, a crucial 

step involved the clusterization of identical sequences in each dataset at a 100% identity 

threshold utilizing CD-HIT (v4.8.1) through a Perl script (refer to Appendix 9). The outcome 

was the identification of 2,309,036 and 2,486,039 unique reference sequences for the "pure-

full" and "semi-full" databases, respectively. 

Clusters comprising identical sequences were further processed as follows. First, the longest 

sequence within each cluster is marked as the reference sequence for the cluster. Subsequently, 

all wordset annotations from the sequences in the cluster were assigned to the reference 

sequence. Indeed, this dereplication process leads to reference sequence with redundancy in 

wordset annotations. In order to improve the probability distribution of word sets associated 

with each reference sequence, two strategies to handle the wordset annotations were explored 

using the "binarize" parameter described in the software construction part. 
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This approach not only streamlined the database but also facilitated a comprehensive 

exploration of identical sequence clusters. By selecting the longest sequence as the reference 

and merging annotations, we aimed to distill the essential information and enhance the 

robustness of the resulting database. 

• Exclusion of eukaryotic organelle 16S rRNA sequences 

Given that some sequences in the SILVA SSU Parc database originate from eukaryotic 

mitochondria or chloroplasts, our tool incorporates a mechanism to disregard specific lists of 

reference sequences associated with these entities. This exclusion mechanism operates during 

the sample processing step, eliminating the need for a complete rebuild of the databases or 

remapping of the amplicons. 

Conceptually, envisioning these variations in the classification pipeline involves the utilization 

of distinct "no-eukaryote" databases. Consequently, the BiotopeBac-DB is available in four 

distinct types, each tailored to specific requirements regarding the inclusion or exclusion of 

ambiguous and/or organellar sequences (refer to Figure 17). This customization not only 

ensures precision in classification but also provides flexibility in accommodating diverse 

research needs by offering variants of the database to suit specific analysis scenarios. 

The four databases derived from the dereplication phase were converted into binary format and 

subsequently employed as essential inputs for the development of our software construction. 
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Figure 17. Overview of the database construction process. The figure provides an overview 
of the two phases of the database construction process: preparation and dereplication. 
Preparation phase: During this phase, public 16S rDNA sequences were downloaded from the 
SILVA database, and sequence metadata required for the second phase were collected. 
dereplication phase: In this second phase we retrieved the collected metadata for all sequences 
in the database and used them to cluster the sequences into the BiotopBac-DB database.  

III.2.2.2 MetaGenomic Source Tool (MGST classifier): Software construction 

and parameters 

• Software construction 

The MetaGenomic Source Tool (MGST Classifier) was developed in our laboratory to apply 

a naïve Bayes probabilistic model for analyzing microbial sources. This tool employs 

probabilistic methods to explore and validate our database, with a particular focus on evaluating 

datasets refined during the dereplication phase using external public BioSamples. By doing so, 

MGST facilitates a thorough investigation of potential microbial sources. The complete 

development process of the MGST classifier is detailed in Appendix 10, which includes the 

Perl script, while Appendix 11 provides the mathematical framework underpinning the 

classifier. 
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The core functionality of the MGST classifier lies in its ability to utilize naïve Bayes probability 

to weigh various parameters, leading to informed predictions and enhancing the accuracy of 

microbial source identification.  

MGST operates by starting with raw amplicon library reads (from the BiotopeBac-DB created 

during the preparation phase) and processing them through a series of filters applied during the 

dereplication phase. Each read is then mapped to the database using BBMap (Bushnell, 2014), 

an efficient and fast strict mapping tool, to ensure a strict match with available sequences and 

to enable the retrieval of associated metadata. This systematic approach increases the precision 

of microbial classification, reinforcing the robustness of our microbial source identification 

process. 

By incorporating these sophisticated probabilistic methods, the MGST classifier aims to 

improve the accuracy and reliability of microbial source tracking. It serves thus as a suitable 

tool to contribute to the validition of the database and its applications. 

• Software parameters 

In addition to incorporating two variants of the database (pure vs semi-pure, as described 

during the dereplication phase), our solution underwent extensive testing with the variation of 

five other parameters. 

The first two parameters are directly associated with the construction of the BiotopeBac-DB, 

influencing its structure and content. On the other hand, the last three parameters have the 

potential to impact the behavior of the MGST classifier, either directly or indirectly. 

The combination of these 5 parameters, associated with the variants of the database gives a total 

of 1,200 parameter variations which have be assessed during the development and testing 

phases. This rigorous testing allowed us to evaluate the robustness and adaptability of the 

solution and our database under diverse scenarios, ensuring that the MGST classifier could 

effectively handle the complexities introduced by these varying parameters. 

 

- Parameter 1: binarize 



 

 64 

During the process of consolidating multiple identical sequences into a single reference 

sequence, each individual sequence carried its own set of word-set annotations. A crucial step 

involved the consolidation of these individual word-set annotations before associating them 

with the reference sequence. The exact process involved in the incorporation is under the 

dependance of the binarize boolean option, characterized by two values: “multiple” or 

“binary”. 

This option provided the flexibility to determine the weighting assigned to a word-set term 

associated with more than one individual sequence in a cluster. With the “multiple” value, the 

weight was proportional to the occurrence count of the term, emphasizing its frequency in the 

consolidated probability distribution for the reference sequence. Conversely, the “binary” 

value ensured that all word-set terms annotating at least one individual sequence received equal 

weight, irrespective of their frequency. This strategic choice in weighting allowed for a nuanced 

and tailored approach in the consolidation of word-set annotations, contributing to the precision 

and adaptability of the MGST classifier. 

- Parameter 2: theta 

To allow for some degree of error in the annotations of the reference database, conditional 

probabilities in BiotopeBac-DB were computed with a varying level of confidence, designed 

as theta, where theta = 1 meant absolute confidence and theta < 1 meant some degree of mis-

annotation. In practice, MGST expects an error-rate parameter (defined as 1 - theta) when 

building the database. Here, we explored an error rate ranging from 1e-10 to 1e-01 on a 

logarithmic scale (10 steps), with the lower values thus corresponding to a high confidence in 

the word-set annotations and the higher values corresponding to a low confidence. 

- Parameter 3: ambiguous 

The nature of amplicons, being shorter than the complete 16S rDNA sequences stored in 

BiotopeBac-DB, introduces a unique challenge as they can align to several reference sequences. 

This scenario not only impacts mapping statistics (specifically the vote_n; detailed below) but 

also introduces the potential for alternative distributions of word-set terms, each associated with 

a different reference sequence. 
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To address this issue, BBMap was employed with three distinct values for the ambiguous 

parameter. The first approach, labeled "BEST," adopts a stringent criterion by retaining only 

the first strict match, prioritizing the match with the highest alignment score (algorithm-

dependent). The second approach, termed "RANDOM," randomly selects one match from the 

list of strict matches. The third and final approach, labeled "ALL," retains all strict matches 

resulting from the mapping process. By systematically testing these three approaches, we 

sought to rigorously control for any potential effects arising from multiple matches during the 

mapping process, ensuring a thorough exploration of alternative distributions of word-set terms 

associated with different reference sequences. 

- Parameter 4: max-vote-n 

In theory, to ensure consistent statistical power across samples, regardless of their size in terms 

of number of sequences , the classifier could be configured to process a predetermined number 

of amplicons independently of their mapping status to the database. This could be achieved by 

setting an upper bound on the (read_n) parameter (see page 66 for a description of the classifier 

process). However, after conducting preliminary testing, it became evident that the MGST 

classifier exhibited the most consistent behavior when processing as many amplicons as 

required to reach a predefined number of database matches (vote_n, described page 66). As a 

result, in practical application, the max-vote-n parameter was developped to assume one of five 

discrete values: 10.000, 5.000, 1.000, 500, and 100. This strategic choice allowed for a flexible 

and adaptive approach, accommodating varying dataset sizes and complexities while 

optimizing the statistical power and reliability of the MGST classifier. 

- Parameter 5: prior-type 

The execution of Bayesian computations necessitates the definition of prior values (see page 

35). Within MGST, the establishment of prior probabilities involves two distinct hypotheses. 

In the first scenario, referred to as the "UNIFORM" hypothesis, an assumption is made that the 

probability of the sample being derived from any host organism or source environment are 

equal. Essentially, this hypothesis posits an even distribution of likelihood across all potential 

sources. 

Conversely, the second hypothesis, labeled "DATABASE," takes a more nuanced approach. 

Under this hypothesis, the prior probability distribution is modeled based on the observed 

frequencies of word-set terms within BiotopeBac-DB. In other words, the prior values are 
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tailored to reflect the actual distribution of annotated word-set terms present in the reference 

database. This consideration allows MGST to incorporate empirical observations from 

BiotopeBac-DB, providing a more context-specific and data-driven foundation for the Bayesian 

computations.  
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III.2.3 Database Validation 
III.2.3.1 BioSample selection 

As part of our evaluation, we proactively searched both public and private samples within the 

NCBI BioSamples database (https://www.ncbi.nlm.nih.gov/), showcasing a dedication to 

comprehensive testing for the validation of our classifier's accuracy and effectiveness. Being 

users of our own methodology, we took the utmost care in testing our system, ensuring its 

capability to consistently deliver dependable and trustworthy results to its intended audience. 

To offer a thorough overview of the samples used in our evaluation, we intentionally selected 

samples with sources already present in our database. This deliberate selection aimed to focus 

our evaluation on data of high quality and relevance, allowing for a systematic analysis of the 

classifier's performance across various sample types. Through such extensive testing, users can 

confidently make well-informed decisions based on the data obtained, reinforcing the reliability 

and robustness of our classifier. Building upon this robust validation process, we will now delve 

into the details of our sample processing methodology, shedding light on the thoroughness and 

precision applied to ensure the integrity of our results. 

To assess the performance of the MGST classifier, we employed a total of 60 publicly available 

Illumina MiSeq amplicon sequencing libraries. These libraries, acquired as paired-end reads, 

covered diverse regions of interest, including some with unknown regions. The selection of 

these regions was informed by the metadata provided by the Bioproject owner for 16S rDNA. 

Data acquisition was facilitated through the NCBI SRA portal 

(https://www.ncbi.nlm.nih.gov/sra), and subsequently, the obtained data was converted to 

FASTQ format for further analysis. 

The 60 public BioSamples chosen for this validation represented a wide array of sources, 

specifically targeting the top 20 word-set terms most prevalent in BiotopeBac-DB. This diverse 

set included samples originating from various environmental sources such as aquatic, soil, air, 

and food, as well as organism sources including insects, fish, equids, suids, felids, birds, canids, 

humans, bovids, reptiles, rodents, amphibians, nematodes, crustaceans, angiosperms, and 

mollusks. Each sample adhered to a paired-read layout and featured at least 5653 read pairs, 

ranging between 180 and 300 nucleotides in length. 
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Additionally, we incorporated 24 additional samples from our private datasets, all in the form 

of paired-read Illumina MiSeq libraries targeting the V1-V3 region of bacterial 16S rDNA. 

These samples were sourced from ongoing internal lab projects, serving as examples of private 

BioSamples. The corresponding libraries are available under BioProject ID PRJNA659639 

https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA659639. Detailed information for each 

library, including specific characteristics and details, is available on FigShare under the 

corresponding DOI: 10.6084/m9.figshare.24499909. This comprehensive selection ensured a 

robust evaluation of the MGST classifier across a spectrum of diverse samples, both publicly 

available and internally generated. 

III.2.3.2 Biosample mapping 

The BioSamples processing pipeline involves a series of crucial steps to ensure the acquisition 

of high-quality data from the collected BioSamples. After merging reads and removing 

adapters, we employ a diverse array of analytical tools and techniques to extract meaningful 

insights from the data. 

The first step is the merging step, we utilize BBMerge v38.79 (Bushnell et al., 2017) to merge 

overlapping paired reads into single reads, employing specific options such as adapter=default, 

maxloose=t, qtrim=t, and threads=8. To identify potentially problematic BioSamples, we 

calculate the total number of sequences (x) per sample and the percentage of merged amplicons 

(y) from the total (x).  

These merged amplicons are then mapped onto our databases using BBMap v38.79 with 

options including reads=20000, fast=t, local=t, mdtag=t, -Xmx20g, and threads=10. The reads 

undergo local mapping, eliminating the need for a separate trimming process. However, due to 

the shorter length of merged amplicons compared to reference sequences, they can align 

perfectly to multiple unique reference sequences. To address this, we explore the effect of the 

ambiguous option through the ambiguous parameter (using of the following settings: all, best, 

and random). 

The success of the mapping process is evaluated using two metrics: "read_n" representing the 

number of aligned amplicons (up to a maximum of 20,000) and "vote_n" indicating the count 

of matching reference sequences. Alignment begins with a specified number of reads, 

"reads_n," adjusted for sample size or merging process issues, ultimately yielding a mapping 
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percentage. Aligned reads can generate multiple votes ("vote_n") due to clustering, allowing a 

single read to activate multiple word-sets by voting on BiotopeBac-DB sequences. This 

meticulous approach ensures a thorough assessment of the mapping success and the nuanced 

interplay between aligned reads and reference sequences during the analysis (refer to Appendix 

10).  

III.2.3.3 BioSample classification 

Ultimately, we deployed a naive Bayes classifier, aptly named "MGST," employing a post-

processing approach on SAM files generated from the mapping of merged amplicons to the 

BiotopeBac-DB database by BBMap (refer to Figure 18 for a visual representation of the 

process). The primary objective of this classifier is to discern the predominant word-set term, 

indicative of the isolation source, for each individual sample, where each sample corresponds 

to a unique amplicon library. Detailed insights into the mathematical procedures underpinning 

this classification can be found in Appendix 11. 

 
 

Figure 18. MGST classifier workflow. This illustration delineates the intricate workflow of 
the MGST (MetaGenomic Source Tool) classifier. The procedure entails the post-processing of 
SAM files, a result of mapping merged amplicons to the BiotopeBac-DB database. The outcome 
yields datasets categorizing each biosample, associating them with the corresponding sources 
of wordsets. This categorization is achieved through the variation of parameters, providing 
nuanced insights into the diverse origins of the analyzed samples. 

 

Our tool is designed to provide either one or two word-set terms per sample, contingent upon 

the matched sequences in the BiotopeBac-DB database. To achieve this, we explored two 

variations of the approach. The first, named as the "1 onto" parameter, involves considering all 
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word-set terms as part of a single terminology and subsequently returning only the dominant 

word-set term. The second approach, termed the "2 onto" method, involves two distinct wordset 

ontologies: one for the environment ("Env::" group) and another for organisms ("Org::" group). 

In MGST, the corresponding option for this method is a boolean argument named “split-tags.” 

When this option is selected, the different word-set groups are treated as separate ontologies 

rather than a unified one. The result is presented in excel file. This flexibility in our approach 

allows users to tailor the output based on their specific requirements and preferences. 

III.2.3.4 Visualization  

For the visualization process, we utilized the powerful 'circlize' package in R, renowned for 

creating insightful chord diagrams, to profile the database. This enabled us to present a 

comprehensive and visually compelling depiction of the complex relationships between 

different entities within the database. Additionally, we used the 'tm' package to perform word 

cloud analysis on the metadata collected during the preparation phase, specifically under 

manual terminology annotation, revealing patterns and trends. For all other figures, we 

employed Prism 8 to ensure clear and visual representation. 

To further elevate the visual appeal and clarity of our representations, we made use of the 

versatility of the "ggplot2" and "reshape2" packages within the R environment. These packages 

enhanced the aesthetics and interpretability of our result visualizations, ensuring that the 

information conveyed was both insightful and accessible. Last, we used Miro 

(https://miro.com/) for some figures to facilitate interactive and collaborative design, allowing 

us to refine complex visualizations and enhance the overall clarity of our data presentations.   
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III.2.4 Sequence Tracking tool (ST): software construction 

We developed the Sequence Tracking Tool (ST), an innovative tool designed to enhance the 

identification of source proportions within microbial communities and improve microbiota 

analysis. The ST tool achieves this by analyzing the total sequence occurrences and performing 

parallel analyses to simultaneously determine bacterial taxonomic profiles and their 

corresponding sources. The tool was developed using custom Perl scripts, which are detailed 

in Appendices (appendix12, 13, and 14). 

Sequence Tracking Tool (ST) is a PERL based script dedicated to enrich metagenetics output 

with supplementary informations. The default use of ST is to attribute a species value to the 

taxonomic assignment of the identified OTU. The process uses blastn and OTU representative 

sequence as query and taxonomy reference database as sequence database. Another use of ST 

is to add another analysis layer with a sourcetracking tool to extract from BiotopeBac-DB either 

source “Wordset” or “Keywords” associated with the accessions linked to each OTU. 

The figure 19 illustrates the Sequence Tracking Tool (ST) diagram in detail how the workflow 

is in each phase. The script is divided into 3 operations steps. 
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Figure 19. Sequence Tracking Tool (ST) Workflow: Data Processing and Analysis. This 
figure illustrates the step-by-step workflow of the Sequence Tracking Tool (ST). The process is 
divided into three phases: (1) Importing and organizing amplicon sequencing output data and 
reference databases, (2) Identifying homologous sequences using BLASTn, and (3) Parsing 
results based on a mismatch cutoff to determine taxonomic relevance. The final output 
combines taxonomy, sample counts, and source information for each OTU based on the 
analysis in one excel file. 

First, the data needed for the analysis are read and imported into the script.  These data are the 

output files from the metagenetics organized with the OTU as the key values.  In addition, the 

reference taxonomy Database (by default the SILVA SSU database) and BiotopBac database 

are imported, organized with the Accession as the key values. 

During the second phase, the nearest homologous sequences from the reference taxonomy 

Database to each representative OTU sequence are identified with Blastn program.  The readout 

of the process for each OTU are the first 100 best hits, with the Accession, mismatch and Blastn 

Score. 

Once every OTU representative sequence are analyzed, the output is submitted to the Results 

parser. This part of the script will combine the taxonomy values (from kingdom to species), the 

counts value (per sample) and the Source values for each OTU into an output file. The Blast 

Parser includes a decision step based upon the mismatch cutoff value. The point here is to 

decide if the best hits from the Blastn are considered as "identical" to the query sequence (OTU 

representative sequence).  By default, the mismatch cutoff is 1% mismatch (that is, 1 nucleotide 

mismatch for every 100 nucleotide of aligned sequence). For a given OTU representative 

sequence, if the best hit has a mismatch value superior to the cutoff, the best hit is considered 

as not identical. The taxonomic species value and BiotopeBac source value for the 

corresponding accession are thus considered as non-relevant. If the best hit mismatch value is 

not above the cutoff value, the parser will collect the accession with the best Blastn score. The 

taxonomic species value and BiotopeBac-DB source value for the corresponding list of 

accessions will be recovered and associated with the OTU in the parser output. 

In summary, ST integrate various bioinformatics tools to process and analyze FASTA files, 

particularly for sequence alignment and taxonomic classification using the BLAST tool. The 

execution of the ST tool follows a structured six-step process, ensuring precise and efficient 

analysis of microbial communities. 
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- Input Handling: 

In our taxonomic microbial analysis using MOTHUR (Schloss et al., 2009) and the Flash tool 

(Magoč et al., 2011), we used a FASTA file containing sequences, along with a taxonomy file 

and a count file, as input. Additionally, it was necessary to specify the version of the reference 

database (e.g., SILVA v132) for BLAST analysis. 

- BLASTn Execution: 

If not already provided, the script runs BLASTn to align sequences from the FASTA file against 

our specified reference database (BiotopeBac-DB). The results are saved in a specific format. 

- BLASTn Results Parsing: 

The script parses the BLAST results to identify the best hits for each sequence, considering 

mismatches and bit scores. It distinguishes between identical and non-identical hits, and it can 

flag sequences as chimeric based on the bit score. 

- Taxonomic Assignment: 

For each sequence, the script assigns a taxonomic classification (e.g., Kingdom, Phylum, Class) 

based on the BLAST results and the taxonomy file provided. It also identifies the nearest hit 

and determines if the sequence is chimeric. 

- Source Tracking: 

If source tracking is enabled, the script identifies the source of sequences after looking to the 

correspond accession number identified in the taxonomic assignment step by matching 

accessions to known sources on our database “BiotopeBac-DB”. 

After executing our script, an Excel file is generated containing detailed taxonomic and 

analytical data for the BioSamples analyzed. This file includes key taxonomic classifications, 

such as Kingdom, Phylum, Class, Order, Family, Genus, and Species, providing a 

hierarchical overview of the microbial communities. Additionally, it includes a list of 

Accession numbers and corresponding OTU (Operational Taxonomic Unit) labels, which are 

essential for tracking specific microbial sequences. 
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The output also features a bitscore, which reflects the confidence of sequence alignment, further 

aiding in the accuracy of source identification. Moreover, the file contains two specialized 

columns: Source_tracking_wordset and Source_tracking_keywords, which store metadata 

related to the origin of the biosample, as identified through our source-tracking methods.  

A general workflow integrates in our ST tool using various tools and datasets, with distinct 

categories highlighted: data files in green, helper tools in orange, and generated data in blue. 

This organization reflects the coordinated use of computational resources to achieve a 

comprehensive analysis of the sequence data (refer to Figure 20 for a visual representation of 

the process). 

 

Figure 20. Flowchart illustrates the bioinformatics workflow used for processing sequence 
data, primarily focusing on taxonomic classification and environmental term analysis. The 
process begins with a Sequence Fastq File, which is processed using the Flash Tool to generate 
a Sequence Merged File. This merged file is then subjected to MOTHUR Analysis to create 
essential output files, such as the Fasta File, Count File, and Taxonomic File at both the species 
and genus levels. A parallel process involves generating a List of Accession Numbers from the 
database, which is further analyzed using the Blast Tool. This tool matches the sequences to 
known taxa, contributing to the creation of taxonomic files. These files, along with 
environmental terms data, are consolidated to produce the final results in excel file format. The 
workflow is categorized by color codes: data files are shown in green, helper tools in orange, 
and data generated in blue, demonstrating the integration of various tools and datasets to 
achieve comprehensive sequence analysis  



 

 76 

III.3. Results  

III.3.1 Preparation phase 

III.3.1.1 Term annotation  

The intricate journey of refining our initial dataset of 5,116,787 sequences, enriched with raw 

host source data and analyzed through the RStudio tool, unfurled a tapestry of seemingly 

random and non-relevant keywords, vividly portrayed in the intricate landscape of Figure 21.a. 

Unfazed by this initial challenge, we strategically harnessed the power of the BiotopeBac-DB 

terminology file, heralding a transformative metamorphosis. The refined dataset emerged, now 

comprising 4,264,470 sequences, intricately interwoven with carefully curated keywords such 

as "human," "soil," "skin," and "water" (refer to Figure 21.b for a visual representation). 

Buoyed by this initial success, we embarked on a more granular refinement, laser-focused on 

specific word-sets. The subsequent iteration of refinement yielded a annotated dataset, now 

reduced to 3,195,698 sequences, each intricately associated with terms like "env::soil," 

"env::aquatic," and "org::human" (refer to Figure 21.c for a detailed visualization). Encouraged 

by these promising outcomes and the heightened precision in the composition of our dataset, 

we found ourselves at a pivotal juncture, prompting a strategic decision to delve deeper into 

our exploration. 

Motivated by the demonstrated potential and validity witnessed in the third refinement of our 

database, we adopted it as a robust starting point for thorough validation in the subsequent steps 

of our analytical journey. This strategic approach serves as a meticulous checkpoint, ensuring 

the reliability and relevance of our refined dataset, thereby laying a formidable foundation for 

the upcoming phases of our multifaceted investigation. This methodical and strategic 

refinement not only enhances the quality of our dataset but also positions us with confidence 

for the intricate analytical strides that lie ahead in our research expedition. 
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Figure 21. Iterative refinement process. (a) Initial Dataset Analysis; dataset of 5,116,787 
sequences with raw host source data, revealing an array of seemingly random and non-relevant 
keywords. (b) BiotopeBac-DB Terminology Refinement; Employing the BiotopeBac-DB 
terminology file led to a transformed dataset of 4,264,470 sequences. Notable associations 
emerged with carefully curated keywords such as "human," "soil," "skin," and "water." (c) 
Granular Refinement of Word-sets; A more focused refinement targeted specific word-sets, 
producing a annotated dataset of 3,195,698 sequences intricately associated with terms like 
"env::soil," "env::aquatic," and "org::Human." 

Table 4 provides a detailed breakdown of term counts within curated word-sets. The analysis 

involves two primary ontologies, each marked by specific prefixes ("Org" and "Env") as 

described in the materials and methods section. The table presents 33 distinct word-sets, 

containing a total of 99,333 unique keywords. This table offers not just a numerical summary 

but also insight into the semantic structure of the word-sets based on the selected ontologies. 

Table 4. Total number of terms grouped into each word-set. The two ontologies are 
distinguished by their prefix, either “Org” or “Env”. Thirty-two word-sets associated to a total 
of 99 333 different keywords. 

Word-set 

Number of 
terms 
related to 
word-sets 

Org ::INSECTS 34891 
Org ::ANGIOSPERMS 14280 
Org ::FUNGI 7141 
Org ::FISH 5383 
Org ::MOLLUSCS 4690 
Org ::ARACHNIDS 4406 
Org ::CRUSTACEANS 4244 
Org ::BIRDS 2461 
Org ::REPTILES 1250 
Org ::ANNELIDS 1224 
Org ::MOSSES 959 
Org ::AMPHIBIANS 718 
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Org ::RODENTS 556 
Org ::MYRIAPODS 528 
Org ::FERNS 415 
Env ::FOOD 206 
Env ::AQUATIC 174 
Org ::GYMNOSPERMS 115 
Org ::Other_PRIMATES 112 
Org ::PLANKTON 82 
Env ::INDUSTRIAL 64 
Org ::BOVIDS 63 
Env ::SOIL 61 
Org ::ALGAE 57 
Org ::NEMATODA 39 
Org ::CORALS 19 
Org ::FELIDS 18 
Org ::Other_MAMMALIA 16 
Org ::CANIDS 14 
Env ::AIR 11 
Org ::EQUIDS 11 
Org ::SUIDS 6 
Org ::HUMAN 2 

 

III.3.1.2 Database profiling  

Our primary goal in analyzing the relationships between taxonomy and word-sets in the 

database was to highlight the most abundant taxa within the three main source groups across 

various taxonomic levels, from phylum to genus. To illustrate this, we focused on the taxonomic 

composition linked to the three-leading major word-set terms in BiotopeBac-DB: soil, human, 

and aquatic. 

Figure 22 provides a clear visualization of the major phyla present in major sources, including 

Proteobacteria, Firmicutes, Bacteroidetes, Actinobacteria, Acidobacteria, and Cyanobacteria. 

This analysis offers valuable insights into the diverse microbial communities associated with 

these environments. 

Within the aquatic and soil sources, certain taxa emerged as particularly noteworthy. 

Proteobacteria stood out as the most abundant phylum, while Rikenellaceae, Bacillus, and 

Pseudomonas took the spotlight as the predominant family and genera, respectively. This 

detailed insight into the taxonomic composition underscores the microbial diversity and 

ecological significance within aquatic and soil environments. 
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In contrast, the human sources exhibited a distinct taxonomic profile, with a prevalence of 

Firmicutes, Actinobacteria, Nitrosomonadaceae, and Staphylococcus as the most abundant 

taxa. This divergence in taxa abundance emphasizes the unique microbial communities 

associated with human-related environments. Overall, our analysis sheds light on the intricate 

interplay between taxonomy and word-sets, offering valuable insights into the microbial 

ecology of diverse environmental sources. 

In-depth insights into each major source within our database are presented in the following 

paragraph. 

• Phyla Observed for the "Human" Source 

The outcomes revealed that 720,456 sequences are associated with this profile, where 

Firmicutes constituted a major group (46.20%) linked to the human host source in our database. 

Following closely were Actinobacteria (22.67%), Proteobacteria (16.64%), Bacteroidetes 

(11.31%), Fusobacteria (1.31%), Epsilonbacteraeota (0.36%), Cyanobacteria (0.30%), 

Tenericutes (0.26%), and Spirochaetes (0.22%). Additionally, 32 other phyla were categorized 

as "Other Phyla" (0.74%) associated with the human host. 

• Phyla Observed for the "Aquatic" Source 

The findings revealed that 1,191,152 sequences are associated with water, predominantly 

comprising Proteobacteria (45.07%) linked to the aquatic environment. Following were 

Bacteroidetes (14.35%), Firmicutes (10.35%), Actinobacteria (7.01%), Cyanobacteria 

(6.10%), Planctomycetes (2.94%), Acidobacteria (2.92%), Chloroflexi (1.68%), and 

Epsilonbacteraeota (1.56%). An additional 70 phyla were associated with aquatic sources, 

constituting 8.02% of the total phyla. 

• Phyla Observed for the "Soil" Source 

The findings indicated that 1,384,966 sequences are linked to this source, with a taxonomic 

profile predominantly composed of Proteobacteria (over 30%), followed by Firmicutes 

(11.12%), Bacteroidetes (10.71%), Actinobacteria (9.79%), Acidobacteria (7.86%), 

Chloroflexi (4.49%), Planctomycetes (3.78%), Cyanobacteria (1.84%), Verrucomicrobia 
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(1.63%), and Patescibacteria (1.58%). The remaining phyla are collectively represented as 

"Others," comprising 67 different categories. 

 

 
Figure 22. Microbial Diversity Profiling Across Varied Sources. This figure provides a 
comprehensive snapshot of microbial diversity and abundance derived from an in-depth 
analysis of the BiotopeBac-DB database. (a) The pie chart visually encapsulates the dominant 
sources represented within the extensive database, comprising a total of 3,195,699 reference 
sequences. (b) Accompanying histograms elucidate the percentage distribution of bacterial 
phyla intricately associated with these diverse sources. Together, these visualizations offer 
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valuable insights into the rich taxonomic landscape and relative abundance of microbial 
communities across different environmental contexts. 

In our quest for a profound comprehension of the intricate tapestry encapsulated within our 

database, we embarked on a comprehensive analysis, a veritable intellectual journey designed 

to unravel the nuanced associations between bacterial taxonomic groups and their linked 

sources. This analytical odyssey, marked by its depth and rigor, involved the establishment of 

intricate correlations between the carefully curated word-set terms and the expansive bacterial 

taxonomy. The graphical representation chosen for this endeavor, specifically the Chord plot, 

emerged as a pivotal tool, providing a visually captivating depiction of the complex associations 

and relationships governing our dataset. 

The Chord plot, as showcased in the visually compelling Figure 23, transcends mere 

visualization; it becomes a narrative canvas where the interplay between the 80 bacterial phyla 

and the 19 word-set terms with the highest abundance unfolds. This visualization technique, 

reliant on cumulative sequence counts across all word-set terms, transcends traditional 

representation methods, offering a nuanced exploration of interconnections and patterns 

interwoven among bacterial phyla and the prevailing word-set terms. 

The pursuit of meaningful relationships between phylum, family, and genus bacterial levels and 

their respective sources demanded a meticulous filtering process. In an unwavering 

commitment to precision, sequences devoid of word-sets were methodically excluded, an 

indispensable step crafted to eliminate potential noise and ensure the pristine reflection of 

associations between bacterial taxonomic levels and their corresponding sources. This 

meticulous analytical scrutiny bore fruit, revealing a staggering identification of over 3 million 

word-sequence connections. 

A tapestry of diversity emerged as we delved into the distribution of phyla across various 

sources. Soil sources, with their intricate connections, unfurled associations with a remarkable 

78 phyla, while aquatic sources displayed a plethora of diversity, encompassing connections to 

80 distinct phyla. In contrast, the human host, within our extensive database, exhibited 

connections to 42 phyla. The nuanced exploration depicted in Figure 23 not only visually 

encapsulates these variations but provides a robust foundation for deciphering the intricate 

relationships and patterns characterizing the bacterial taxonomic landscape within our dataset. 

This depth of exploration transcends numerical figures, becoming a narrative continuum that 
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beckons researchers to navigate the complex terrain of bacterial taxonomy and ecological 

associations embedded in our dataset. 

 

Figure 23. Chord plot illustrating taxa and wordset term connections. Chord Diagram 
Overview: The chord diagram offers a comprehensive overview of the connections between 
different taxa and isolation sources, emphasizing their corresponding spectral abundances. 
This visualization highlights the intricate relationships among microbial taxa and their sources 
within the dataset. The figure depicts the linkage between taxa and word-set terms through a 
chord diagram. This graphical representation showcases the connections between specific taxa 
(at the phylum, family, or genus level) and isolation sources, focusing on the 19 most abundant 
taxa and 19 most abundant sources. Abundance is determined by the summed sequence counts 
across all word-set terms. Circle Segments: The size of each circle segment corresponds to the 
spectral abundance of a taxon or source. Larger segments indicate higher abundance. Arcs 
Between Circles: The arcs connecting the circles represent the number of shared spectra 
between two entities, providing a quantitative measure of their relationship. 
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Note: The Chord plot aids in visualizing the complex interplay between microbial taxa and 
isolation sources, offering valuable insights into the patterns and associations within the 
dataset's microbial diversity. 

III.3.2 Dereplicate phase 

III.3.2.1 BioSamples mapping 

In undertaking a comprehensive exploration to gauge the manifold implications of parameter 

variations on the myriad BioSamples housed within our extensive database, our investigative 

journey embarked with a scrupulous scrutiny of the ramifications emanating from the merging 

read process. The crux of our inquiry rested on unraveling the intricate tapestry of successfully 

processed samples and discerning their percentage in the vast expanse of the total dataset. 

Before the application of our tool, an in-depth analysis to extract critical metrics was performed. 

Specifically, we delved into the total number of sequences denoted as (x) per BioSample, 

coupled with a discerning examination of the percentage of merged datasets (y) from the 

overarching (x). The observation of these metrics, as shown in table 5, revealed trends within 

the public BioSamples. A predominant theme emerged, characterized by consistently high 

average values of (y) among a substantial cross-section of datasets within the public 

BioSamples. The aquatic, fish, and soil datasets, in particular, etched their prominence, boasting 

average values of 53%, 44%, and 66%, respectively, in the context of the total sequences per 

dataset. In contrast, the private BioSamples, while mirroring comparably elevated average 

values of (y), showed lower average values for the industrial and suids datasets (with 61% and 

68%, respectively). 

Our selection of BioSamples is curated to mirror the diverse source profiles present in our 

extensive database. This representative sampling is important for ensuring the validity and 

reliability of our research outcomes. We acknowledge the challenges inherent in locating 

alternative samples that embody the same breadth of variability. However, our rigorous 

selection process is designed to encompass a comprehensive range of biological variables, 

thereby justifying our choices and reinforcing the integrity of our data collection methodology. 
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Table 5. Total number of sequences in each tested datasets BioSamples (publics and 
privates) and the percentage of success in merging process. For each dataset, BBMerge was 
used to cover the overlapping reads and three replicates of each source type. (a) Result of each 
60 datasets of BioSamples downloaded from public data available in NCBI. (b) Result of 24 
datasets of BioSamples tested in our own laboratories. 

(a) 

Samples 

  

Region of 
16 rDNA 

Total number of 
sequences in a sample 

before merging (x) 

Percentage 
of 
sequences 
merged (y) 

Total 
read kept 

after 
merging 

air1-merged.fasta V1-V2 
 

40518 95.88% 38849 

air2-merged.fasta V1-V2 
 

45746 95.77% 43811 

air3-merged.fasta V1-V2 
 

53895 95.90% 51685 

amphibians1-merged.fasta unknown* 187540 91.84% 172237 

amphibians2-merged.fasta unknown* 103059 83.99% 86559 

amphibians3-merged.fasta unknown* 125952 84.06% 105875 

angiosperms1-merged.fasta unknown* 154151 97.81% 150775 

angiosperms2-merged.fasta unknown* 90626 98.34% 89122 

angiosperms3-merged.fasta V3-V4 
 

62028 98.26% 60949 

aquatic1-merged.fasta unknown* 114405 53.74% 61481 

aquatic2-merged.fasta unknown* 105662 52.65% 55631 

aquatic3-merged.fasta unknown* 120352 53.55% 64448 

birds1-merged.fasta V4 93573 76.13% 71237 

birds2-merged.fasta V4 84289 77.53% 65349 

birds3-merged.fasta V4 86907 76.35% 66353 

bovids1-merged.fasta V4 95077 81.55% 77535 

bovids2-merged.fasta V4 92864 81.83% 75991 

bovids3-merged.fasta V4 69741 82.86% 57787 

canids1-merged.fasta V4 22712 85.96% 19523 

canids2-merged.fasta V4 22940 86.16% 19765 
canids3-merged.fasta V4 26836 89.28% 23959 

crustaceans1-merged.fasta V1-V2 
 

5626 91.67% 5157 

crustaceans2-merged.fasta V1-V2 
 

6295 92.69% 5835 

crustaceans3-merged.fasta V1-V2 
 

5326 90.48% 4819 

equids1-merged.fasta unknown* 12606 93.51% 11788 

equids2-merged.fasta unknown* 60487 92.95% 56223 
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*Indicates unknown data due to the unavailability of sequence information in the 16S rDNA 
region. 

equids3-merged.fasta unknown* 64298 93.44% 60080 

felids1-merged.fasta unknown* 5335 88.60% 4727 

felids2-merged.fasta unknown* 42080 87.65% 36883 

felids3-merged.fasta unknown* 50683 87.16% 44175 

fish1-merged.fasta V4 15007 24.47% 3672 

fish2-merged.fasta V4 5687 15.70% 893 

fish3-merged.fasta V4 36899 94.06% 34707 

food1-merged.fasta V3-V4 177608 96.09% 170664 

food2-merged.fasta V3-V4 199846 96.61% 193071 

food3-merged.fasta V3-V4 46357 73.61% 34123 

human1-merged.fasta V3-V4 28822 77.91% 22455 

human2-merged.fasta unknown* 40707 81.11% 33017 
human3-merged.fasta unknown* 14185 74.02% 10500 

insects1-merged.fasta unknown* 56521 93.06% 52598 

insects2-merged.fasta unknown* 30828 93.22% 28738 

insects3-merged.fasta unknown* 29974 88.36% 26485 

molluscs1-merged.fasta unknown* 35005 96.37% 33734 

molluscs2-merged.fasta unknown* 42676 88.64% 37828 

molluscs3-merged.fasta unknown* 37573 78.01% 29311 

nematoda1-merged.fasta V4 55434 81.34% 45090 

nematoda2-merged.fasta V4 66153 82.06% 54285 

nematoda3-merged.fasta V4 58273 79.83% 46519 

reptiles1-merged.fasta V1-V2 45857 85.51% 39212 

reptiles2-merged.fasta V1-V2 23959 74.14% 17763 
reptiles3-merged.fasta V1-V2 20795 78.16% 16253 

rodents1-merged.fasta unknown* 27348 81.46% 22278 

rodents2-merged.fasta unknown* 23120 81.76% 18903 

rodents3-merged.fasta unknown* 15977 79.42% 12689 

soil1-merged.fasta unknown* 40254 71.23% 28673 

soil2-merged.fasta unknown* 65783 87.44% 57521 

soil3-merged.fasta unknown* 25907 40.87% 10588 

suids1-merged.fasta V1-V2 74747 89.60% 66973 

suids2-merged.fasta V1-V2 208993 88.99% 185983 

suids3-merged.fasta V1-V2 130435 89.17% 116309 
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 (b) 
 

 Total number of 
sequences in a sample 

before merging 

Percentage 
of 
sequences 
merged  

 

Samples Region of 
16 rDNA 

Total read 
kept after 
merging 

    
Birds1_private_data V1-V3 81325 91.61% 74502 
Birds2_private_data V1-V3 78654 91.68% 72110 
Birds3_private_data V1-V3 75106 91.23% 68519 
Canids1_private_data  V1-V3 248116 81.00% 200974 
Canids2_private_data V1-V3 182506 81.36% 148487 
Canids3_private_data V1-V3 111398 81.67% 90979 
Fish1_private_data  V1-V3 132399 90.24% 119477 
Fish2_private_data V1-V3 117555 89.28% 104953 
Fish3_private_data V1-V3 156944 90.40% 141877 
Food1_private_data V1-V3 136889 92.07% 126034 
Food2_private_data V1-V3 163802 91.55% 149961 
Food3_private_data V1-V3 180872 93.34% 168826 
Industrial1_private_data V1-V3 72124 49.74% 35874 
Industrial2_private_data V1-V3 209493 68.29% 143063 
Industrial3_private_data  V1-V3 122012 67.22% 82016 
Rodents1_private_data V1-V3 177507 86.12% 152869 
Rodents2_private_data V1-V3 131796 81.00% 106755 
Rodents3_private_data V1-V3 126505 83.55% 105695 
Soil1_private_data V1-V3 89334 80.64% 72039 
Soil2_private_data V1-V3 177442 90.62% 160798 
Soil2_private_data V1-V3 186387 90.30% 168307 
Suids1_private_data V1-V3 63631 66.61% 42385 
Suids2_ private_data V1-V3 103624 72.43% 75055 
Suids3_ private_data V1-V3 45352 68.78% 31193 

 

III.3.2.2 Alignment result 

Subsequent to the the merging process, the mapping phase applied to the resultant datasets to 

an alignment procedure utilizing four distinct databases, each distinguished by its distinctive 

array of features. Two databases were filtered out of eukaryotic sequences (BiotopeBac-No-

Euka-Semi and BiotopeBac-No-Euka-Pure), while their counterparts, BiotopeBac-Full-Semi 

and BiotopeBac-Full-Pure, operated without such filtration. 
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We also analyzed the utilization of reads (read_n) by the BBmap tool as well as the distribution 

of values obtained for both the number of reads aligned to contribute to a vote (align_n) and 

the cumulative number of votes garnered (vote_n) for both private and public libraries. 

With the exception of some samples, BBmap was able to align a maximum of 20,000 reads 

(read_n). this maximum being set up before the process. In instances where this number of 

reads is not reached, BBmap was nonetheless able to align all successfully merged sequences 

from the merging step. 

As an example, the air3 BioSample, employing the "semi" database and "all" parameter, where 

alignment statistics manifested as follows: The attaining of 5000 votes necessitated the 

alignment of 1764 amplicons, demanding a examination of 3005 pairs of reads (assembled 

amplicons). It's important to note that while the actual number of reads surpassed these specified 

figures, the values were selectively chosen to align with the analytical requisites of our study. 

Our analytical purview expanded further to encompass an exhaustive analysis of read 

proportions mapped across diverse databases, homing in on the "full" and "no-euka" databases. 

In order to ensure both consistency and comparability, we deliberately retained the "pure" 

parameter, closely aligning with the "semi" parameter. The results are shown in Figure 24, 

where a ratio of 1 signifies 100% of reads aligning to the respective databases (Figure 24a and 

24b). We also analyzed the relationship between "vote_n" and "align_n" ratios under the "best" 

parameter setting, revealing a consistent ratio of 1. This correlation implies that one best-read 

aligns seamlessly with one vote, as highlighted in Figure 24c and 24d. 

Furthermore, we examined the combinations where "vote_n" could reach to the maximum vote 

threshold, designated as "vote_max" (100, 500, 1000, 5000, 10000). Notably, a ratio of 1 in this 

context signifies the culmination of all votes for a given BioSample reaching the prescribed 

maximum (Figure 24e and 24f).  

These analyses, shed light on the dynamic interplay of alignment and voting within the process 

and on the sensitivity of MGST regarding the variations of the different parameters.
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Figure 24.  Visualization of alignment results for BioSamples using a heatmap. The figure 
illustrates the alignment outcomes for each BioSample, detailing the metrics "read_n," 
"align_n," and "vote_n" computed across various filtered databases. "read_n" refers to the 
initial count of reads initiating the alignment process, constrained to a maximum of 20,000 
reads. In contrast, "align_n" signifies the total reads successfully aligned to diverse filtered 
databases for each database category. Conversely, "vote_n" indicates the tally of votes 
garnered post-aligning reads to different databases, limited to 10,000 reads per BioSample. 
"vote_max" denotes the maximum possible number of votes that could be obtained, which is set 
to 10,000 reads per BioSample. Subfigures (a and b), (c and d), and (e and f) portray the ratios 
between "align_n" and "read_n," "vote_n" and "align_n," and "vote_n" and "vote_max," 
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respectively. The x-axis enumerates the distinct BioSamples, while the y-axis represents the 
aligned read count. These metrics furnish valuable insights into alignment efficiency and the 
extent of successful read mapping for each BioSample across the diverse filtered databases. 

 

The analysis of BioSamples sourced from public libraries yielded profound insights, 

underscoring a significant observation: less than half of the downloaded BioSamples met the 

stringent criteria stipulating a maximum of 20,000 tested reads (read_n) and 10,000 mapped 

reads (align_n). This outcome, while not fully expected, finds its origin in the inherent 

uncertainties associated with the origins of these public BioSamples, predicated on our sole 

dependence on the accuracy of their metadata. This realization underscores the challenges 

posed by the intrinsic variability and diversity encapsulated within public BioSamples. Despite 

efforts to select representative BioSamples, the precision of their annotations can vary, leading 

to potential discrepancies in sample selection. Consequently, while the chosen BioSamples 

were deemed suitable for analysis based on available metadata, discrepancies or inaccuracies 

in annotation could introduce uncertainties in the interpretation of the results. Therefore, future 

endeavors in metagenomic analysis must address the need for improved metadata standards and 

robust validation processes to enhance the reliability and reproducibility of research outcomes. 

Furthermore, our analysis underlined a noteworthy trend: BBmap exhibited a marked 

superiority in efficiently mapping a larger number of reads in private BioSamples compared to 

their counterparts in public library BioSamples. This observation could be linked to differences 

in terms of average reads quality reads within the private BioSamples when compared with 

their public counterparts. One plausible explanation for this discrepancy could lie in the 

differences in sequencing methodologies and quality control protocols between private and 

public datasets. Private BioSamples are originating from our sequencing protocol and show 

thus less variability in quality control measures, resulting in higher-quality reads with fewer 

sequencing errors and biases. 

Another factor contributing to the enhanced mapping efficiency in private BioSamples could 

be the selection of targeted regions for sequencing. In our analysis, private BioSamples 

predominantly targeted specific hypervariable regions, such as V1-V3, known for their high 

taxonomic resolution and discriminatory power in metagenomic studies. In contrast, public 

BioSamples often encompass a broader range of regions, such as V4 or combined regions like 

V1-V2 or V3-V4. The focus on shorter or less informative regions in public datasets may lead 
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to decreased mapping efficiency and lower resolution in taxonomic assignment compared to 

the more targeted approaches employed in private datasets. 

In addition, private BioSamples come with known and detailed metadata, including precise 

habitat definitions and environmental parameters, facilitating more accurate sample selection 

and interpretation. In contrast, public BioSamples may lack detailed metadata or have 

inconsistencies in habitat annotations, leading to uncertainties in sample classification and 

analysis. 

Overall, the differential efficiency in mapping between private and public BioSamples 

underscores the importance of considering dataset characteristics, including sequencing 

methodologies, targeted regions, and metadata quality, when conducting metagenomic 

analyses. While public datasets offer extensive diversity and accessibility, private datasets may 

provide higher-quality data with more targeted sequencing approaches and better-defined 

sample metadata. Future studies should aim to expand the analysis of public datasets to mitigate 

the quality issues by relying on a greater number of samples.  

Delving into the specifics, the mapping percentages of all BioSamples in Pure-db, spanning a 

range of 53.55% to 99.88%, and those in Semi-db, ranging from 53.79% to 99.88%, showcased 

a robust performance across the majority of the BioSamples. An exception surfaced with a lone 

sample displaying a mapping percentage of 14.20% under both Pure and semi-databases. While 

anomalous, this outlier underscores the importance of methodological transparency and 

cautious interpretation of results within the broader context of the dataset. These findings 

collectively instill confidence in the robustness of our conditions and offer a green light for the 

subsequent confident analysis of these BioSamples (refer to Table 6 for a detailed breakdown). 

Moreover, our comprehensive analysis extended beyond the individual databases, revealing a 

consistent outcome in the mapping process across all databases employed for aligning 

BioSamples. This implies that once successful alignment was attained in one database, the 

utilization of other filtered databases did not exert a statistically significant impact on the 

resultant mapping outcomes. This uniformity across databases underscores the reliability and 

consistency of our alignment methodology, fostering a nuanced understanding of the interplay 

between the databases and the intricacies of BioSample alignment. In essence, this aspect 

reinforces the robustness of our approach and contributes valuable insights into the intricacies 
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of utilizing diverse databases for aligning BioSamples, paving the way for a more informed and 

nuanced interpretation of the ensuing analytical outcomes. 

Table 6. Result of the MGST method showing the corresponding source results in public 
and private BioSamples. (a) 60 public BioSamples and (b) 24 private BioSamples.  

BioSamples 
(public samples) 

Samples source Percentage of 
reads 

mapped in 
Pure-db 

Percentage 
of reads 

mapped in 
Semi-db 

Biosample_SAME
A104119060 

Bird1_public_
data 

87.65% 87.23% 

Biosample_SAME
A104119061 

Bird2_public_
data 

80.88% 86.22% 

Biosample_SAME
A104119062 

Bird3_public_
data 

82.52% 79.35% 

Biosample_SAME
A104324752 

Amphibian1 
public_data  

91.97% 92.11% 

Biosample_SAME
A104324753 

Amphibian2 
public_data 

96.55% 96.62% 

Bosample_SAME
A104324754 

Amphibian3 
public_data 

86.64% 86.79% 

Biosample_SAME
A104569562 

Food1 
public_data 

99.34% 99.32% 

Biosample_SAME
A104569563 

Food2 
public_data 

53.55% 53.79 % 

Biosample_SAMN
14111925 

Food3 
public_data 

99.05% 99.05% 

Biosample_SAME
A2628033 

Reptile1 
public_data 

99.77% 99.77% 

Biosample_SAME
A2628037 

Reptile2 
public_data 

99.68% 99.67% 

Biosample_SAME
A2628038 

Reptile3 
public_data 

99.05% 99.05% 

Biosample_SAME
A3718006 

Angiosperm3 
public_data 

71.40% 71.12% 

Biosample_SAME
A3718008 

Angiosperm1 
public_data 

73.66% 73.26% 

Biosample_SAME
A3718009 

Angiosperm2 
public_data 

70.75% 71.04% 

Biosample_SAME
A3730380 

Suids3 
public_data 

99.15% 99.17% 

Biosample_SAME
A3730381 

Suids2 
public_data 

99.48% 99.54% 

Biosample_SAME
A3730385 

Suids1 
public_data 

99.23% 99.23% 

Biosample_SAME
A3898152 

Nematode1 
public_data 

98.55% 98.55% 

Biosample_SAME
A3898156 

Nematode2 
public_data 

99.09% 99.09% 

Biosample_SAME
A3898157 

Nematode3 
public_data 

99.40% 99.40% 

Biosample_SAME
A4731273 

Human3 
public_data 

99.88% 99.88% 

Biosample_SAME
A4731274 

Human2 
public_data 

99.78% 99.78% 
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Biosample_SAME
A4731275 

Human1 
public_data 

99.88% 99.88% 

Biosample_SAME
A5190691 

Aquatic3 
public_data 

91.24% 91.31% 

Biosample_SAME
A5190693 

Aquatic1 
public_data 

97.15% 97.23% 

Biosample_SAME
A5190694 

Aquatic2 
public_data 

92.69% 92.69% 

Biosample_SAMN
11353304 

Fish1 
public_data 

84.18% 84.31% 

Biosample_SAMN
11353175 

Fish2 
public_data 

70.33% 71.33% 

Biosample_SAME
A5312021 

Fish3 
public_data 

84.63% 84.68% 

Biosample_SAME
A5527982 

Insect1 
public_data 

99.69% 99.68% 

Biosample_SAME
A5527988 

Insect3 
public_data 

99.57% 99.52% 

Biosample_SAME
A5527989 

Insect2 
public_data 

99.79% 99.80% 

Biosample_SAME
A5933334 

Equids2 
public_data 

92.23% 92.26% 

Biosample_SAME
A5933338 

Equids3 
public_data 

91.99% 92.11% 

Biosample_SAME
A5933346 

Equids1 
public_data 

91.96% 91.98% 

Biosample_SAME
A6506101 

Soil1 
public_data 

82.80% 83.26% 

Biosample_SAMN
12634780 

Soil2 
public_data 

97.27% 97.25% 

Biosample_SAMN
11534979 

Soil3 
public_data 

87.52% 87.79% 

Biosample_SAMN
11478942 

Felids2 
public_data 

95.94% 96.02% 

Biosample_SAMN
11478943 

Felids3 
public_data 

95.38% 95.44% 

Biosample_SAMN
11478944 

Felids1 
public_data 

14.20% 14.20% 

Biosample_SAMN
12996799 

Rodent1 
public_data 

98.00% 98.07% 

Biosample_SAMN
12996800 

Rodent2 
public_data 

98.13% 98.16% 

Biosample_SAMN
12996801 

Rodent3 
public_data 

86.93% 86.94% 

Biosample_SAMN
13528040 

Canids1 
public_data 

99.79% 99.80% 

Biosample_SAMN
13528043 

Canids2 
public_data 

99.76% 99.77% 

Biosample_SAMN
13528046 

Canids3 
public_data 

99.86% 99.87% 

Biosample_SAME
A3255619 

Molluscs1 
public_data 

99.61% 99.61% 

Biosample_SAME
A3255822 

Molluscs2 
public_data 

97.15% 97.15% 

Biosample_SAME
A3255823 

Molluscs3 
public_data 

89.50% 89.49% 

Biosample_SAMN
11156900 

Crustacean1 
public_data 

97.51% 97.50% 

Biosample_SAMN Crustacean2 97.67% 97.67% 
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11156901 public_data 
Biosample_SAMN
11156902 

Crustacean3 
public_data 

94.59% 94.72% 

Biosample_SAME
A4647967 

Air1 
public_data 

99.46% 99.72% 

Biosample_SAME
A4647971 

Air2 
public_data 

98.86% 99.34% 

Biosample_SAME
A4647976 

Air3 
public_data 

98.20% 99.57% 

Biosample_SAMN
13152663 

Bovids1 
public_data 

92.31% 92.54% 

Biosample_SAMN
13152664 

Bovids2 
public_data 

92.43% 92.55% 

Biosample_SAMN
13152665 

Bovids3 
public_data 

92.57% 92.82% 

 

BioSamples 
(private sample) 

Samples source Percentage of 
reads 

mapped in 
Pure-db 

Percentage 
of reads 

mapped in 
Semi-db 

Biosample_2017/0
1299/006_001 

Suids1_private_dat
a 

83.65% 83.74% 

Biosample_2017/0
1299/007_001 

Suids2_p 
private_data 

87.53% 87.64% 

Biosample_2017/0
1299/008_001 

Suids3_ 
private_data 

70.66% 70.87% 

Biosample_2019/0
6312/037_001 

Soil1_private_data 80.09% 80.19% 

Biosample_2019/0
6312/042_001 

Soil2_private_data 83.25% 83.28% 

Biosample_2019/0
6312/051_001 

Soil3_private_data 86.08% 86.01% 

Biosample_2017/0
5536/038_001 

Rodents1_private_
data 

73.48% 73.44% 

Biosample_2017/0
5536/039_001 

Rodents2_private_
data 

72.46% 72.50% 

Biosample_2017/0
5536/040_001 

Rodents3_private_
data 

75.72% 75.69% 

Biosample_2015/0
2943/001_003 

Industriel1_private
_data 

68.56% 68.50% 

Biosample_2015/0
2943/001_003 

Industriel2_private
_data 

79.88% 79.91% 

Biosample_2015/0
2943/001_003 

Industriel3_private
_data  

70.91% 70.91% 

Biosample_2019/0
3342/001_001 

Birds1_private_dat
a 

87.19% 87.23% 

Biosample_2019/0
3342/002_001 

Birds2_private_dat
a 

86.01% 86.22% 

Biosample_2019/0
3342/003_001 

Birds3_private_dat
a 

79.21% 79.35% 

Biosample_2018/0
2975/014_002 

Fish1_private_data  78.09% 77.99% 

Biosample_2018/0
2975/015_002 

Fish2_private_data 60.90% 60.89% 

Biosample_2018/0
2975/016_002 

Fish3__private_dat
a 

79.43% 79.92% 

Biosample_2016/0
6867/006_001 

Canids1__private_
data  

87.24% 87.61% 
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Biosample_2016/0
6867/004_001 

Canids2_private_d
ata 

84.73% 84.89% 

Biosample_2016/0
6867/002_001 

Canids3_private_d
ata 

84.19% 84.46% 

Biosample_2017/0
8050/021_001 

Food1_private_dat
a 

94.28% 94.46% 

Biosample_2017/0
8050/022_001 

Food2_private_dat
a 

92.71% 92.97% 

Biosample_2017/0
8050/023_001 

Food3_private_dat
a 

91.74% 92.11% 

 

The alignment process generated files with the results for both public and private BioSamples, 

which are available on Figshare for review at the following DOI: 

(10.6084/m9.figshare.24499963). 

 

III.3.3 Biotope identification  

III.3.3.1 MGST result 

In this investigation phase, we focused on validating our database using validation software by 

identifying the BioSamples with the expected outcomes in our analysis. A key metric for this 

validation was the mapping percentage, which indicates how well the reads from each 

BioSample aligned with our database. A mapping percentage below 50% suggests potential 

issues, such as low sequencing depth or poor match between the sample reads and the reference 

sequences in our database. 

To evaluate the tool's performance, we analyzed the consistency of responses across different 

parameter combinations and assessed how often the correct source was identified. Figure 24 

illustrates the "1 onto" source result, showing the specific parameter combinations used for each 

BioSample and their identified sources. A BioSample was successful if it met two criteria: 

correctly identifying the target source and aligning with all 1200 parameter combinations. 

This stringent requirement ensures the reliability of the results. 

The analysis, illustrated in Figure 25, revealed that BioSamples from aquatic environments, 

birds, bovids, equids, rodents, soil, and suids successfully met both key criteria, accounting for 

30% of the total samples. In contrast, a substantial portion of BioSamples did not fully meet 

both conditions: 48% met only one criterion either the identification of the target source or 

achieving the same result across the combination of 1,200 parameters, such as those from 
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human. Additionally, 22% of BioSamples, such as those from reptiles, failed to meet either 

condition, indicating greater variability or challenges in accurately predicting their biotopes. 

 

Figure 25. Comprehensive Mapping Results Heatmap. This heatmap presents the outcomes 
of our sophisticated mapping tool, which seamlessly integrated 1200 parameters from both 
public and private BioSamples to predict the data source. Each row represents a specific 
BioSample, while each column signifies a predicted source. 

• Color Intensity: The intensity of color within each cell reflects the strength of the 
prediction. Darker colors indicate a higher number of parameters contributing to the 
prediction, whereas lighter colors suggest fewer parameters. 

• Color Scale:A color scale on the right-hand side of the figure provides a visual guide, 
allowing easy interpretation of the color-coding scheme. 

• X-Axis: The x-axis represents individual BioSamples, offering a comprehensive 
overview of the datasets analyzed. 

• Y-Axis: The y-axis displays the predicted sources, providing insight into the diverse 
origins anticipated by our mapping tool. 

• Grouping: BioSamples are thoughtfully grouped based on their origin, with distinct 
sections for public and private BioSamples. This organization aids in the comparative 
analysis of predicted sources between the two categories. 

This legend aims to enhance the clarity and interpretability of Figure 25, facilitating a better 

understanding of the mapping results. BioSamples from the food and human groups identified 
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the correct source but did not align with all parameter combinations, indicating partial success. 

Conversely, samples from felids and industrial origins matched all 1200 combinations but 

failed to identify the correct source. Outliers, such as nematode, reptile, crustacea, and air 

samples, did not meet either condition. These findings highlight the varying degrees of 

alignment and compliance among the BioSamples, offering insights into their source 

identification dynamics. 

To provide a clearer understanding of our findings, let's look at specific examples of 

BioSamples in figure 25. For instance, the amphibian BioSamples has been assigned to 

“Env::SOIL” source using full compliance with all 1200 parameters. Similarly, the human 

BioSample linked to “Org::HUMAN” met 1132 parameter combinations. The remaining 

parameters in human samples showed some alignment with “Env::AQUATIC” and 

"Org::ANGIOSPERMS”. This variation highlights differences in compliance levels across the 

BioSamples analyzed. 

 

Figure 26. Number of sources among different parameter options. This figure displays the 
number of sources found in different parameter options used in the study. Each horizontal bar 
represents a parameter option, and the x-axis of bars represents the total number of sources 
detected. The x-axis displays the different parameter options, and the y-axis represents the total 
number of sources detected for each parameter option. For instance, the “random”, “best”, 
and “all” parameters each identified one and two sources respectively. Notably, the “random” 
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parameter ceased identification after two sources. This visualization reveals a consistent 
pattern across all parameters, indicating a uniform discovery rate. 

Figure 26 illustrates the number of sources detected across various parameter settings used in 

the study. In this figure and in the top left panel, for the “random”, “best”, and “all” settings, a 

consistent trend is observed with one or two sources identified, with the “random” setting 

ceasing detection after two sources. In contrast, the “bin” and “mult” parameters (top middle 

panel) show broader variability, identifying up to four sources. The “vote_n” parameter (top 

right panel) reveals a wider range of source detections, capturing between one and five sources, 

with a notable concentration of samples around three and four sources. 

The bottom panels show further parameter comparisons between “pure” and “semi” 

configurations, where both options display similar trends, with most samples detecting between 

one and two sources, though the “semi” configuration shows a slightly wider spread, 

occasionally detecting up to four sources. 

Overall, the visualization demonstrates consistency in source detection across most parameters, 

though some settings (like “vote_n”) reveal greater variability. This consistent pattern suggests 

a stable identification process across different parameter configurations, with specific settings 

offering more granular insights into the number of biotopes detected. 

These findings illustrate the varying patterns of compliance among the BioSamples, reflecting 

the complexity and diversity in their classification. To deepen our analysis, we introduced two 

key metrics: MajorSource_frequency and RightSource_frequency to compare how 

frequently the major and correct sources were identified. Figure 27 shows that individual 

parameters such as "binarize," "theta," "max-vote-x," "prior-type," and "ambiguous" had 

minimal impact on both MajorSource_frequency and RightSource_frequency. This consistency 

across all samples suggests that the parameters had little influence on the classification 

outcomes, reinforcing the stability and reliability of our method despite varying parameter 

settings.  
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Figure 27. Performance of parameters across different sample groups. This figure 
illustrates the performance of parameters across different sample groups, where the influence 
of parameters on classification was evaluated under two metrics: the frequency of the major 
source ("MajorSource_frequency") in red and the frequency of the right source 
("RightSource_frequency") in blue. Each data point in the figure represents an individual 
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sample. The results are shown across five different parameters (binarize, max_vote, theta, 
Prior-type and ambiguous). The x-axis represents the three replicas in group of source samples 
used in the study, and the y-axis displays the relative performance of each parameter option, 
with higher values indicating better performance. The bars are color-coded according to the 
frequency of the major source of the classifier and the right source of the sample. 

The analysis of the validation process highlighted a quite robust independence of source 

prediction accuracy from the variations in parameter selection within our tool. A meticulous 

investigation was undertaken to scrutinize the potential impact of alterations to key parameters, 

including "binarize," "theta," "max-vote-x," and "ambiguous," across both "pure" and "semi" 

filter databases. Intriguingly, our findings unveiled a consistent trend wherein changes to these 

parameters exhibited minimal influence on the number of predicted sources, capped at a 

maximum of five sources. 

However, amidst the relative stability observed, it was discerned that specific parameter 

adjustments could indeed enhance the accuracy of source prediction for select samples. 

Notably, the inclusion of the "random" option for the "ambiguous" parameter, coupled with 

setting the maximum vote to 5000 for the "max-vote-x" parameter, yielded notable 

improvements. This optimized configuration led to a discernible refinement, resulting in a 

reduced maximum of three different predicted sources, as visually highlighted in Figure 26. 

The efficacy of parameters combinations to reach the "vote_max" ratio was assessed for both 

"1 onto" and "2 onto" parameters across all BioSamples. Figure 28 shows that certain 

combinations of parameters outperformed individual parameter settings, underscoring synergy 

between parameters. Further scrutiny of parameter dynamics reveals that the ‘2 onto’ variation 

exhibit a broader success spectrum in source identification, capturing between 30 to 34 

BioSamples. This contrasts with the ‘1 onto’ variation, indicating a more expansive and 

effective range for the former. The combination of parameters demonstrates a methodology 

akin to both ‘1 onto’ and ‘2 onto’ approaches. Significantly, while the outcomes of the ‘2 onto’ 

variation manipulations echo those of the ‘1 onto’, the key distinction lies in the ‘2 onto’ 

variation ability to yield a higher quantity of dependable results. 
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Figure 28. Optimal Parameter Combinations for BioSamples using "1 onto" and "2 onto" 
Parameters. In the visualization, the pink shading corresponds to the count of BioSamples 
where the "vote-max" was achieved for the "1 onto" result. The green shading signifies the 
count of BioSamples wherein the "vote-max" value was attained for the "2 onto" result. This 
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depiction offers a clear and insightful representation of the parameter combinations leading to 
successful source prediction outcomes. 

Intriguingly, certain combinations of parameters exhibited marginal yet discernible 

enhancements in performance, with incremental improvements ranging from 1% to 10% when 

transitioning from the ‘1 onto’ to the ‘2 onto’ variation. Yet, our tool shows a consistent efficacy 

across the parameter combinations. Its resilience to most parameter variations emerges as a 

noteworthy and valuable characteristic, simplifying the user experience by mitigating the 

necessity for fine parameter optimization or frequent inquiries. 

III.3.3.2 ST result  

The results of the Sequence Tracking tool (ST) demonstrated some promising processing 

outcomes in the BioSamples collected for database validation. However, to further assess the 

tool’s performance and reliability, we decided to conduct two additional studies, as outlined in 

the experimental section of this thesis. These studies will provide a more comprehensive 

evaluation of ST's effectiveness across different datasets and conditions  
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III.4. Discussion and Conclusion  

This work challenges the prevailing notion that bacterial 16S rDNA records in genetic databases 

are of limited utility without formal taxonomic classifications. To address this, we developed 

and validated the "BiotopeBac-DB" database, a novel resource that links genetic sequences to 

environmental or host-related keywords. Complementing this, we introduced the MetaGenomic 

Source Tool (MGST), which accurately identifies the original biotope of unknown 16S rDNA 

amplicon profiles, and the Sequence Tracking tool (ST) to quantify the contribution of various 

sources within a sample, thereby enriching microbiota analysis. While both tools demonstrated 

significant value when applied to public and private datasets, this discussion focuses on the 

results generated by the MGST tool, as the outcomes of ST are addressed in separate studies. 

Amplicon sequencing is widely employed for bacterial taxonomic identification due to its 

targeting of specific genomic regions, such as the 16S rRNA gene, which are easier to amplify 

and have well-established methodologies. This approach is particularly advantageous because 

high-throughput sequencing platforms achieve higher accuracy with shorter reads. 

Additionally, partial sequences require less computational power for processing and storage, 

making them a cost-effective option. The standardization of these partial sequences further 

facilitates consistent comparisons across diverse studies. In essence, the ease of amplification, 

established methods, cost-efficiency, and the ability to standardize and compare data are key 

reasons why amplicon sequences are widely accessible and extensively used in bacterial 

taxonomy. The selection of 16S rDNA as a genetic marker for taxonomic identification is not 

arbitrary; bacterial taxonomy is now fundamentally built on this phylogenetic marker. Even 

when a 16S rDNA sequence is not strictly identical to a known, cultivable bacterial species, its 

level of nucleotide sequence identity can still be used to assign it to a specific taxonomic group. 

Despite these advantages, microbiology faces significant challenges in accurately identifying 

bacterial species, particularly when relying on conventional methods such as biochemical 

properties or colony morphology, which are often unreliable. Even with properly processed 16S 

rDNA sequencing, there is a tendency to assign the identity of the closest homolog, even when 

the similarity falls below 99%. This approach, though tempting, is fraught with errors, 

especially when sequences are submitted to databases where species tagging and metadata rely 

solely on the submitter’s input. Such practices introduce substantial inaccuracies into the 

system. Furthermore, taxonomic identification methods like BLAST frequently return 

annotations such as ‘unknown bacteria’ or ‘uncultured bacteria’, particularly when the bacteria 
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originate from environmental sources that cannot be cultured in the lab. To address these 

limitations, we propose bypassing species labeling altogether and directly linking 16S 

sequences to their biotopes, providing a more accurate representation of bacterial population 

sources. 

The construction of the BiotopeBac-DB database involved a meticulous examination of each 

sequence prior to its inclusion, scrutinizing key criteria such as the exclusion of chimeras, 

sequence quality scores, and the availability of source information metadata or links to 

scientific publications from which pertinent details could be extracted. This rigorous 

methodology ensures that the preserved sequences not only align with the bacterial kingdom 

but also possess the necessary quality and contextual information, laying a solid foundation for 

meaningful analysis. 

In essence, this work not only introduces a comprehensive 16S database and classifier tool but 

also challenges the prevailing constraints associated with taxonomic information gaps. By 

leveraging the relationships between genetic sequences and environmental or host-associated 

keywords, our methodology offers a practical approach for researchers to extract valuable 

insights from 16S rDNA records, transcending traditional taxonomic limitations. This chapter 

lays the groundwork for subsequent explorations, emphasizing the transformative potential of 

our approach in unlocking the wealth of information embedded in bacterial genetic databases. 

By bypassing species labeling and directly linking 16S rDNA sequences to their respective 

biotopes, we establish a robust foundation for the accurate assignment of bacterial population 

sources. This strategic decision not only mitigates errors commonly associated with species 

tagging but also aligns with the broader goals of our research, advancing the exploration of 

microbial diversity in varied environmental contexts. 

In this chapter, we undertook a manual annotation of the terminology, which serves as a 

foundational step in constructing a well-curated and precise database tailored to the objectives 

of our research. This method was crucial in ensuring that the database was aligned with our 

goals, particularly in capturing the complexity of bacterial diversity and their habitat 

associations. By manually curating the data, we ensured a high level of specificity and 

reliability, setting the groundwork for subsequent analytical processes aimed at deriving 

meaningful insights. 
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Although established ontologies like the Environment Ontology (ENVO) and OntoBiotope 

offer comprehensive frameworks for environmental and biological contexts, they proved 

insufficient for our specific requirements. These ontologies lack the granularity needed to 

capture detailed organism biotope information, particularly concerning host species or the 

names of living organisms associated with the biotope (Buttigieg et al., 2013; Bossy et al., 

2013). As our study necessitated precise biotope information from the metadata, particularly 

regarding animal hosts and species-level specificity, relying solely on existing ontologies would 

have introduced gaps in our data. 

Therefore, we opted for a manually curated annotation approach to fill these gaps and cover 

biotope information more comprehensively. This method allowed us to integrate detailed 

metadata on organism-host interactions and environmental factors, ensuring that our database 

accurately reflects the complexity of the biological and ecological contexts under investigation. 

Manual curation, though time-intensive, provided the flexibility needed to address the 

limitations of pre-existing ontological frameworks, thereby enhancing the depth and utility of 

the dataset for future analyses (Smith et al., 2007). 

The construction of the BiotopeBac-DB database was grounded in the utilization of 16S rDNA 

sequences sourced from the SILVA 1.32 SSU database. This repository, comprising non-

redundant DNA sequences from the GenBank database with comprehensive bacterial taxonomy 

links, formed the backbone of our innovative approach. Notably, our method distinguishes itself 

by eliminating the need for read trimming, a distinctive feature facilitated by local mapping 

using BBMap. This uniqueness allows the MGST to seamlessly accommodate amplicon 

sequencing strategies targeting various segments of the 16S rDNA (refer to Table 5 for 

specifics). 

Starting with an exploration of our BiotopeBac-DB database, our taxonomic profiling of 

microbial communities from human, aquatic, and soil sources revealed overlaps and 

distinctions that align with findings from previous studies in microbial ecology. By analyzing 

the relationships between word-sets and bacterial taxonomy, we identified key bacterial phyla 

and genera associated with each environmental source. These results not only demonstrate the 

distribution of microbial taxa across different biotopes using 16S rDNA but also align with 

established knowledge on microbial diversity. 



 

 107 

Our analysis of human-associated samples revealed that Firmicutes (46.20%) and 

Actinobacteria (22.67%) were the dominant phyla. These findings are consistent with several 

studies on the human microbiome. For instance, Lozupone et al. (2012) reported that Firmicutes 

and Actinobacteria are prominent members of the human gut and skin microbiomes, which play 

essential roles in digestion, metabolism, and immune regulation. Additionally, the presence of 

Proteobacteria (16.64%) and Bacteroidetes (11.31%) in our study reflects microbial diversity 

patterns commonly observed in the human microbiome. Arumugam et al. (2011) similarly 

identified Bacteroidetes as a significant component of the human gut, where they assist in 

carbohydrate metabolism. The congruence between our findings and these earlier studies 

underscores the robustness of our taxonomic profiling, affirming the dominance of these 

bacterial phyla in human-associated environments. 

 

Our analysis of aquatic environments highlighted Proteobacteria as the most abundant phylum 

(45.07%), followed by Bacteroidetes (14.35%), Firmicutes (10.35%), and Cyanobacteria 

(6.10%). These results are in line with the findings of Zinger et al. (2011) and Thompson et al. 

(2017), who both reported the dominance of Proteobacteria and Bacteroidetes in aquatic 

ecosystems. Proteobacteria, particularly the Alphaproteobacteria and Gammaproteobacteria 

classes, play a key role in nitrogen and carbon cycling within aquatic systems, driving essential 

biogeochemical processes. The presence of Cyanobacteria, known for their role in primary 

production through photosynthesis, aligns with studies like those by Paerl and Paul (2012), 

which emphasized the significance of this group in oxygen generation and nutrient cycling 

within freshwater and marine environments. Therefore, our profiling of aquatic microbes is 

consistent with well-established patterns of microbial diversity in water systems. 

In soil samples, Proteobacteria again emerged as the dominant phylum (over 30%), followed 

by Firmicutes (11.12%), Bacteroidetes (10.71%), and Actinobacteria (9.79%). These findings 

correspond with numerous studies that have characterized soil microbial communities. Fierer 

et al. (2012) also found that Proteobacteria and Actinobacteria are prevalent in soil ecosystems, 

where they contribute to organic matter decomposition and nutrient cycling. Acidobacteria 

(7.86%) were also prominent in our soil samples, a result echoed by Janssen (2006), who noted 

the ecological significance of Acidobacteria in soil, particularly in acidic environments where 

they facilitate the breakdown of complex organic compounds. Our findings further confirm the 
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taxonomic richness of soil microbiomes, with over 78 distinct phyla identified, consistent with 

soil's reputation as one of the most diverse microbial ecosystems on Earth. 

The microbial diversity observed in our study reflects broader ecological trends seen in 

microbial biogeography. The distinct taxonomic profiles between human, aquatic, and soil 

sources demonstrate the unique environmental pressures and biological interactions shaping 

microbial communities in different biotopes. Our identification of Proteobacteria as a common 

dominant phylum across all environments underscores its versatility and adaptability, as seen 

in the work of Lauro et al. (2009), who highlighted the evolutionary success of Proteobacteria 

in a range of ecological niches. In contrast, the high abundance of Firmicutes and 

Actinobacteria in human samples and their lower prevalence in soil and aquatic environments 

reinforces the specialization of these phyla in human-related ecosystems, as previously 

discussed in studies like Schloss et al. (2012). 

While our results largely align with existing research, they also offer novel insights into the 

microbial taxonomic landscape across these environmental sources. For instance, the detailed 

breakdown of microbial diversity in the aquatic and soil environments reveals previously 

underrepresented phyla, such as Planctomycetes and Verrucomicrobia, which together 

constituted a significant proportion of the microbial communities in our soil and aquatic 

samples. These findings echo emerging studies, such as those by Sangwan et al. (2015), that 

suggest these phyla play previously underappreciated roles in biogeochemical cycling and 

environmental resilience. 

Additionally, our use of the Chord plot visualization offers a unique perspective on the complex 

interplay between microbial taxa and their environmental sources. This innovative approach 

allowed us to capture not just the abundance of microbial taxa but also their ecological 

interconnections, providing a more holistic understanding of microbial diversity across 

biotopes. 

In conclusion, our taxonomic profiling of microbial communities across human, aquatic, and 

soil sources not only corroborates findings from other studies but also extends the current 

understanding of microbial ecology. By identifying key microbial taxa and highlighting the 

distinct microbial signatures of different environments, our study contributes valuable insights 

into microbial biogeography and the factors shaping microbial diversity. Moreover, the robust 

and diverse microbial profiles observed in our study, combined with the novel visualization 
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approaches, lay the foundation for future research aimed at exploring the functional roles of 

these microbial communities in their respective ecosystems. 

Our MGST, based on a statistical Bayesian approach, was validated through systematic 

variation of its parameters, which resulted in a high level of confidence in the classification 

outcomes. Notably, our extensive investigation of both individual parameters and their 

combinations revealed a striking observation: parameter variations had no significant effect on 

the classification of source BioSamples. This robustness highlights the versatility and reliability 

of our classifier, demonstrating its capacity to maintain consistent performance despite 

parameter fluctuations. As such, this method offers researchers a powerful and adaptable tool 

for accurately identifying biotopes associated with 16S rDNA records. The MGST tool proves 

particularly valuable in scenarios where the original source of a sample is unknown, such as in 

cases of contamination, by enabling researchers to analyze the predominant source in the 

sample and appropriately categorize it. 

Our analysis begins with a detailed examination of the results produced by the MGST tool, 

specifically focusing on its efficacy in generating accurate sequence mappings with high 

mapping percentages. The application of MGST to a diverse set of amplicons from various 

BioSamples during the validation process yielded a range of outcomes. 

In the context of sequence mapping using the MGST tool and our filtered database (Pure-

db/Semi-db), we identified three distinct cases, each characterized by different mapping 

behaviors. Successful classification in MGST is evaluated based on two key criteria: the 

percentage of sequences mapped to our database (Table 6) and the accuracy of the predicted 

source (Figure 25). 

The first case, representing the optimal scenario, involved BioSamples in which a significant 

majority—over 70% of sequences—were successfully mapped to our filtered databases (Pure-

db/Semi-db) in Table 6, with the predicted source accurately matching the expected biotope 

(Figure 25). This high mapping percentage, combined with accurate source predictions, 

underscores the reliability of both the sequencing process and the MGST tool in predicting 

biotopes. Examples of this scenario include BioSamples from aquatic environments, equids, 

humans, bovids, birds, and rodents. The strong alignment accuracy observed here suggests that 

both the quality of the sequencing data and the comprehensiveness of the reference databases 

were sufficiently robust to produce reliable and accurate results. This consistency in 
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performance instills a high level of confidence in the biotope classifications, further reinforcing 

the effectiveness of the MGST tool in correctly identifying diverse habitats and host 

associations. 

In contrast, the second case presented an interesting divergence. Despite similarly high mapping 

percentages (again exceeding 70%), the predicted source did not align with the anticipated 

biotope. Although the sequences mapped well, the source classification deviated from the initial 

hypothesis. This discrepancy warrants further investigation into the nuances of source 

prediction. Potential explanations include subtle sequence variations, unrecognized similarities 

between different biotopes, or limitations in the reference database that may obscure the 

distinctions between certain sources. This finding highlights the need for continuous refinement 

of both the tool and database, as well as further biological interpretation of unexpected 

alignments. 

The third case involved suboptimal mapping results, where less than 70% of sequences were 

mapped, and the source predictions were similarly unexpected. For example, 

BioSample_SAMN11478944 exhibited only a 14% mapping success rate, with a source 

prediction that did not align with any anticipated biotope. Such cases underscore the need for 

further investigation into both the quality of the sequencing data and potential gaps in the 

reference database. Low mapping percentages could be indicative of incomplete or poor-quality 

sequence data, database limitations, or novel or rare biotopes not adequately represented in the 

current dataset. These instances call for deeper exploration into the discrepancies, as well as 

refinement of the annotation process to better capture rare or complex biotopes. 

Overall, the analysis of these three cases highlights the strengths and limitations of the MGST 

tool. While it performs robustly in cases where sequence data and database alignment are well-

matched, the second and third cases emphasize the importance of continuous refinement and 

validation of both the tool and the underlying data. These findings offer a pathway for future 

work, encouraging improvements in database coverage and accuracy, and the development of 

more sophisticated algorithms to handle complex or ambiguous source predictions. 

Our analysis shows that the MGST tool can overcome some technical challenges presented by 

BioSamples, but the quality of the samples and the performance of key processes like merging 

(Table 5) and mapping (Table 6) are critical. While our goal was to achieve high mapping 

coverage and source accuracy, mapping failures can make source annotation difficult. For 
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instance, the "fish2" BioSample had a low merging success rate of 15.70%, with 893 reads 

retained, but 70% of those reads mapped to our database. In contrast, the "felids1" BioSample 

had an 88.60% merging rate, yet only 14% of reads mapped. This highlights the variability in 

results depending on both merging and mapping performance. 

Biological factors also play a role in biotope identification accuracy with MGST. For example, 

BioSamples from canids and felids showed associations with human biotopes, consistent with 

studies showing shared microbiomes between humans and companion animals (Coelho et al., 

2018; Wang et al., 2013). Meanwhile, BioSamples from fish, mollusks, and crustaceans mostly 

mapped to aquatic environments. However, when we split word sets into environmental or host-

specific categories ("2 onto" parameters), most results matched expectations except for certain 

crustacean samples. For instance, BioSamples from a buccal swab of Penaeus monodon 

hepatopancreas (Devesse et al., 2017) showed inconsistencies, likely due to limited metadata. 

This lack of detail makes it harder to accurately identify alternative sources. 

An unexpected finding in our analysis emerged from BioSamples labeled with an "air" origin, 

where a surprising association with suid (pig) organism sources was identified. Upon closer 

examination of the metadata, it became evident that these samples were derived from the nasal 

regions of pig farmers. This intriguing discovery suggests that individuals in close contact with 

livestock, such as farmers, may harbor microbial communities characteristic of their animal 

hosts, potentially due to zoonotic microbial transfer (Kastenbauer et al., 2019; Keestra et al., 

2019). Similarly, BioSamples from angiosperms, amphibians, nematodes, and industrial 

sources exhibited associations with soil-origin bacteria. This observation is consistent with the 

well-documented phenomenon of bacterial transfer from soil to organisms, particularly those 

inhabiting soil-rich environments (Fierer et al., 2012; Liu et al., 2016). 

Moreover, a parallel pattern was observed in samples from companion animals, including felids 

and canids, which unexpectedly showed an association with human-origin bacteria. This may 

reflect the close physical and environmental interactions between humans and their pets, 

facilitating the exchange of microbiota (McKenzie et al., 2016; Salonen et al., 2017). These 

nuanced findings highlight the complexity of host-symbiont relationships and underscore the 

critical impact of accurate metadata annotation. Mislabeling or incomplete metadata, such as 

indicating the nasal origin of pig farmers without specifying their occupational exposure, can 

lead to misinterpretation of microbial sources and biotope associations (Knight et al., 2018; 

Quinn et al., 2016). 
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The resultant high mapping percentages, despite deviating from expected outcomes, emphasize 

the importance of accurately determining the true origin of samples for the reliable 

interpretation of their ecological relevance and probabilistic associations in our analysis. The 

multifaceted nature of these interactions encapsulates the complexity inherent in biotope 

mapping, intertwining metadata precision, symbiotic intricacies, and the challenges associated 

with high-throughput sequencing processes. This understanding enhances our ability to 

accurately annotate biotopes, thereby advancing the field of microbial ecology and its 

applications in environmental and veterinary sciences. 

A key feature of our database tools is their reliance on detailed metadata for accurate 

annotations. The success of the classification process is directly linked to the completeness and 

relevance of the available metadata. Incomplete or missing metadata can hinder the accuracy 

of classifications, as seen in the case of crustacean BioSamples, where limited data (e.g., only 

buccal swabs) restricted source detection. Access to additional BioSamples, such as fecal or 

skin samples from the same organisms, with pertinent metadata, would allow for more accurate 

annotations. 

Our investigation into parameter variations in BioSamples revealed valuable insights into 

source prediction. We observed consistently high average values of merged reads in public 

BioSamples, particularly in aquatic, fish, and soil samples, while private BioSamples, such as 

industrial and suids, presented more variability. The subsequent alignment process, using 

databases with and without filtered eukaryotic sequences, highlighted BBmap's effective 

performance, especially in private BioSamples, indicating higher-quality reads compared to 

public datasets. 

In terms of source prediction, the heatmap (Figure 25) shows the predicted sources for each 

BioSample, reflecting strong prediction accuracy. Despite parameter variations, the analysis 

showed minimal impact on prediction accuracy, confirming the robustness of our approach. For 

instance, amphibian BioSamples with 1200 combined parameters showed high compliance, 

while the accuracy of MajorSource_frequency and RightSource_frequency remained largely 

unaffected by parameter changes (Figure 27). 

However, some BioSamples, particularly in aquatic environments, showed limitations in 

predicting host biotopes, emphasizing the complex microbial interactions between hosts and 
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their environments. As noted by Deines et al. (2020), public metadata and sequencing data may 

not fully capture these interactions, introducing potential uncertainties. 

Compared to other tools like SeqEnv, which predicts environmental sources based on 16S 

rRNA data (Sinclair et al., 2016), our MGST demonstrated greater resilience to parameter 

variations and offered more consistent performance across diverse BioSample types. While 

SeqEnv is effective for environmental classifications, our tool’s integration of more detailed 

metadata allowed for improved source predictions in host-associated biotopes, particularly 

when metadata is complete. 

Moreover, our tool’s ability to maintain high prediction accuracy despite parameter variations 

makes it a reliable and adaptable option for researchers. The insights gained from this analysis 

not only enhance our understanding of BioSample characteristics but also reinforce the strength 

of our source prediction tool, which remains effective across a range of BioSamples and 

environmental contexts. 

The MGST tool can be particularly valuable for identifying the source of unknown or 

contaminated samples in various veterinary science applications. One key application is 

tracking the source of infectious diseases, which is essential for managing zoonotic pathogens 

capable of crossing between animals and humans. By pinpointing the specific environmental 

source or intermediate host, MGST offers critical insights that help control disease outbreaks 

and prevent future occurrences, especially in large-scale farming operations or wildlife 

populations. 

MGST could also play a significant role in classifying microbial communities in animal 

microbiome studies, which are essential for understanding the overall health and disease 

resistance of animals. By analyzing environmental samples, such as water, feed, and soil, 

MGST can help identify microbial communities that influence the gut health of livestock or 

domestic animals. This information enables more targeted interventions, promoting animal 

welfare through better management of microbial environments. 

Furthermore, the tool is invaluable for ensuring food safety and quality by tracing 

contamination sources in meat and dairy production. Contamination from bacteria can occur at 

various stages, including production, storage, or processing. MGST can be used to screen 

environmental samples to identify the source of contamination, thus helping to ensure the safety 
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of food products and preventing the transmission of harmful pathogens from animals to 

humans. For instance, in veterinary science and in cases of mastitis in dairy cows, a common 

and economically significant disease, identifying the bacterial source is crucial. Mastitis is often 

caused by bacteria such as Staphylococcus aureus or Escherichia coli, which can originate from 

various sources, including contaminated bedding, milking equipment, or the cows’ own 

environment. When an outbreak occurs and the bacterial source is unknown, applying the 

MGST classifier to environmental samples such as feed, water, bedding, or milking equipment 

can help determine the primary contamination source. 

In addition, MGST aids in environmental monitoring, which is a key concern in veterinary 

science. Monitoring the health of animals across diverse environments such as farms, wildlife 

reserves, and aquatic ecosystems requires understanding how microbial sources from water, 

soil, or air impact animal health. MGST helps researchers classify these microbial sources, 

thereby aiding in the assessment of environmental risks and habitat degradation. For example, 

when studying emerging or re-emerging diseases, MGST can distinguish between normal 

microbial flora and external pathogens introduced through contaminated feed, animal 

migration, or human interaction. This capability is especially critical for biosecurity measures 

in livestock management and wildlife conservation, providing actionable insights to protect 

animal populations and mitigate health risks. 

By analyzing the majority microbial content in the samples, the MGST tool can reveal whether 

the bacteria came from external environmental contamination or if it was introduced through 

improper hygiene practices or contaminated feed. This insight allows for targeted intervention 

measures, such as adjusting farm management practices, improving sanitation protocols, or 

altering feed sources to mitigate future contamination risks. Identifying the original 

contamination source helps limit the spread of the disease, protecting animal health, reducing 

economic losses, and safeguarding food quality. 

Our MGST tool, like any analytical method, has its limitations. A key distinction is that our 

approach doesn't focus on identifying the exact origins of individual sequences. Instead, we 

aggregate the most prevalent source information across all sequences in a sample, offering a 

broad view of the dominant sources shaping the microbial composition. While it’s possible to 

analyze individual sequences, our primary focus was on understanding the broader biotope 

patterns within each sample. 
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Our database, while effective, is a preliminary version and contains limitations. It is primarily 

built from GenBank 16S rDNA records, covering well-studied environments such as aquatic, 

soil, and human biotopes. This reliance on available data can introduce biases, as the database 

reflects the existing distribution of sequences rather than a truly comprehensive scope. 

Moreover, the bacterial taxonomy used is based on the SILVA database (version 1.38.1) as of 

early 2022, and while it remains relevant, subsequent updates like the inclusion of the Genome 

Taxonomy Database (GTDB) offer more refined taxonomic insights that are not yet fully 

integrated into our system. 

Compared to existing tools like BioNLP and SeqEnv, MGST offers a streamlined, source-

focused approach. BioNLP excels at extracting and linking textual information from the 

literature to biological entities (Bossy et al., 2013), but its strength lies in textual data mining 

rather than direct sequence-based biotope identification. SeqEnv, on the other hand, is designed 

to assign environmental contexts to metagenomic sequences (Sinclair et al., 2016), much like 

MGST, but focuses more on specific taxonomic groups rather than the broader source-level 

identification approach that we use. Our approach fills the gap by offering a higher-level source 

aggregation, particularly useful in cases where the original biotope of a sample is unknown or 

ambiguous. 

The current classifier in MGST, optimized for source prediction, splits biotopes into 

environmental or host-related categories. While SILVA provides high-quality sequences and 

metadata, the MGST tool categorizes keywords into wordsets, helping to structure and refine 

the biotope predictions. However, there is room for improvement, especially in increasing the 

database's granularity by adding more sequences and refining the wordsets for better accuracy. 

Moving forward, refining MGST and expanding the BiotopeBac-DB database are crucial. 

Future improvements could focus on increasing the precision of source predictions, especially 

when dealing with hypervariable regions of the 16S rDNA amplicon. Continuous updates to 

the database will ensure it remains relevant for both current and future microbiome research. 

In conclusion, this chapter demonstrates the effectiveness of our approach for biotope 

identification using 16S rDNA amplicon data. By focusing on majority sequences within a 

sample, we provide a practical tool for researchers to quickly identify biotopes without the need 

for exhaustive manual taxonomy or literature interpretation. However, ongoing refinement of 

the database and further exploration into individual sequence associations with specific 
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organisms will be critical in advancing the tool's capabilities, contributing to the continued 

evolution of microbiological research. 
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Abstract 

In the Wallonia region of Belgium, this study focuses on three heavily frequented bathing rivers 
zone, prompting an investigation into microbiological monitoring and microbiome source 
tracking. Four distinct bathing zones were studied, with one located in River A (Chiny) in 2014, 
and three zones designated in River B. Subsequently, three critical sampling spots were chosen 
for each bathing area, with one weekly sample collected per sampling point over a span of three 
weeks. The objective is to determine the microbiota through amplicon sequencing and to use a 
host traceability tool developed in the laboratory to identify the origin of microbial populations. 
In 2017, a comprehensive sampling approach was adopted, involving River A (Chiny) or “AC” 
with samples taken every 2 hours over 24 hours, and River A (Lacuisine) or “AL” downstream 
of the previous sampling point, sampled every 4 hours for the same duration. In this subsequent 
campaign, our focus shifted to exploring the stability of the microbiota in a dynamic aquatic 
environment. Assessing whether sampling water from a river adequately captures the 
microbiota over a 24-hour period became a central objective. A 16S rDNA metagenomic 
analysis was conducted to elucidate microbial profiles within these bathing areas, assess the 
diversity of microbial species through beta diversity comparisons. In 2014, our analysis 
unveiled a prevailing presence of Pseudarcicella and Limnohabitans in rivers AC and B, 
constituting the entirety of identified sequences. Using our tool, we identified that 
environmental origin sources accounted for 29.2% of the sequences. Host organism-associated 
sequences made up 1.68%, with human-related sequences specifically constituting 0.32% in 
River AC. This was higher compared to River B, likely due to increased human activities such 
as camping. Additionally, equids, bovids, suids, birds, and other mammals contributed to the 
bacterial composition in varying proportions. The remaining 69.63% of sequences were 
categorized as unknown sources, which is typical for samples collected in natural environments. 
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Fast forward to 2017, our findings demonstrated a notable shift, with Limnohabitans and 
Cyanobiaceae emerging as more prevalent than other bacteria within the total identified 
sequences. These sequences were associated with environmental sources at 38.51%, unknown 
sources at 57.73%, and host organisms at 3.76% of the total sequences from all samples. Similar 
to the observations in 2014, bacteria associated with humans exhibited a higher presence in 
river AC (0.36%) compared to river AL, attributed to the frequent human activity. Furthermore, 
suids, bovids, equids, birds, and other mammals contributed to the overall bacterial 
composition, each contributing distinct proportions. These findings underscore the dynamic 
nature of bacterial presence in rivers over time and highlight the significant impact of 
environmental factors on microbial communities. 

Our analytical tool not only enables us to discern that fecal contamination arises from diverse 
sources, including both human and animal origins, but it also underscores the predominant 
contribution of the human source. Additionally, our methodology extends its utility to the 
evaluation and validation of the long-term stability of microbial communities within aquatic 
environments, placing particular emphasis on rivers.  

1. Introduction 

The quality of bathing water is a significant global concern, primarily due to the risks posed 
by bacterial contamination. With natural water bodies serving as popular recreational hubs, 
guaranteeing the microbiological safety of these environments is crucial for upholding public 
health. Bacterial contamination, notably by fecal indicators such as Escherichia coli (E. coli) 
and fecal Enterococcus, poses a significant threat, potentially resulting in various waterborne 
diseases upon exposure. In response to this concern, rigorous monitoring methods have been 
established to assess and manage the microbial quality of bathing waters. 

At the forefront of these efforts, the European Union has pioneered a stringent classification 
system for bathing areas, ensuring a harmonized approach to water quality assessment. The 
Bathing Water Directive, a cornerstone of this system, provides a standardized framework for 
evaluating and categorizing the microbial cleanliness of coastal and inland bathing waters 
across member states. This directive takes into account levels of fecal indicators and furnishes 
guidelines for designating bathing areas as compliant, non-compliant, or excellent based on 
established thresholds. 

In the European context, the microbiological quality of river bathing areas is ensured through 
legislation, with an active monitoring plan in place, particularly in the picturesque Walloon 
region of Belgium. Nestled in the heart of Wallonia, where the allure of natural waters 
captivates visitors, the imperative of conscientious environmental stewardship becomes 
undeniably evident. This communication delves into the examination of two prominent rivers 
within this landscape, seeking to unravel the microorganisms that populate these aquatic 
ecosystems. Our paramount objective revolves around the preservation of public health and the 
perpetuation of environmental excellence. 

Monitoring bathing water quality is an ongoing process involving regular assessments to detect 
potential contamination and prevent health hazards. Traditional methods, encompassing the 
enumeration of fecal indicator bacteria through culture-based techniques, are, however, time-
consuming and may not provide real-time information. To address this, molecular techniques, 
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with 16S rDNA metagenomic analysis at the forefront, have emerged as powerful tools for 
assessing microbial communities without the need for taxonomic identification. 

In response to the increasing demand for more efficient and accurate methods of tracing 
bacterial contamination in bathing water, this study presents the novel BiotopeBac-DB database 
and the Sequence Tracking (ST) tool. These advancements offer precise tracking of 
contamination sources, enhancing our ability to manage and mitigate bacterial risks in aquatic 
environments. The primary objective of this research is to improve the interpretation of 
metagenomic profiles and distinguish between organism-based and environmental sources of 
bacterial contamination using 16S rDNA metagenomic analysis. By bypassing traditional 
taxonomic identification, our database links reference sequences directly to their metadata, 
specifically their source origin. Our tool maps sampled sequences into our database, providing 
a more precise understanding of contamination sources. Consequently, it facilitates targeted 
interventions and significantly enhances the overall management of bathing water quality. 
Through the development and application of the BiotopeBac-DB database, this research aims 
to contribute to the advancement of methodologies for monitoring and safeguarding bathing 
water quality, aligning with the broader goals of public health and environmental stewardship. 

Beyond unraveling microbial communities within riverine ecosystems, our study ventures into 
the realm of microbiome source tracking. With the aim of identifying potential sources of fecal 
contamination, our investigation spans a spectrum of potential hosts, from the animal kingdom 
to human activities, diligently pursuing the safeguarding of the purity and health of these 
bathing rivers. In this concise communication, we present our findings, illuminating the 
intricate microbial ecosystems and potential organism sources origin of contamination within 
these natural aquatic realms. This study contributes to the ever-growing body of knowledge 
dedicated to the preservation of the environment, ensuring the safety of bathers, and the 
enduring legacy of Wallonia's Belgium rivers. 

2. Materials and methods 

In 2014, two rivers (A and B) were selected for study, along with four distinct bathing zones: 
H07 (AC), I14, I15, and I16 (B). The zone H07 (AC), also known as 'Chiny,' is situated within 
the waters of River A. The other three zones, I14, I15, and I16, are located within the waters of 
River B. Samples were collected over three consecutive weeks, with each sampling point being 
sampled three times to ensure statistical robustness. Over the course of three weeks, we carried 
out weekly sampling, employing a systematic approach that has unveiled invaluable insights 
into the microbial communities inhabiting these natural aquatic environments. In 2017, our 
conducted a thorough sampling of River A to investigate microbial dynamics over time. We 
focused on two locations: River A (AC) and River A (Lacuisine) (AL). At AC, sampling occurred 
every two hours over a 24-hour period, while at AL, downstream from AC, samples were taken 
every four hours. This approach aimed to comprehensively understand how microbial 
communities in these locations change over time. By intensifying the sampling intervals, we 
were able to identify subtle temporal patterns and fluctuations in microbial composition, 
providing deeper insights into the dynamic nature of River A's microbial ecosystems 

2.2  Sample collection  
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Samples were collected from two distinct rivers during two separate time periods, 2014 and 
2017. In 2014, we sampled four locations (spot 1, spot 2, spot 3, and spot 4) along River AC in 
Chiny. Each location was sampled three times in the first week, yielding a total of 12 samples 
over a three-week period. For River B, situated in the Lesse River within the Ardennes region, 
we collected 36 samples from three locations over the same three-week period. The Lesse 
River, known for its dense forests, limestone caves, and periodic flooding issues, flows 89 km 
from its source near Libramont-Chevigny to its confluence with the Meuse River at 
Anseremme. It passes through the famous Han-sur-Lesse caves and several rural villages and 
farmlands. Altogether, we collected a total of 144 samples in 2014. 

In 2017, we resumed our investigation with an intensified sampling regimen. For River AC, 
samples were collected every 2 hours, resulting in 14 samples. For River AL in La Cuisine, 
samples were collected every 4 hours, resulting in 12 samples. The sampling zones varied in 
distance and were influenced by different human activities such as rural farming, forestry, and 
small villages or towns not always well-served by wastewater treatment plants. The areas 
between each station included forests, livestock areas, and residential housing.  

Sampling dates for River AC and River B in 2014 were between August and September, while 
in 2017, samples were collected from July to September during the summer season. Figure 1 
illustrates the varying river locations. Samples details in All the corresponding libraries are 
available under BioProject ID PRJNA1134904 
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1134904 .  

 
Figure 1. A visual map representation of the sampling locations for the different rivers 
during the two study periods. The figure showcases the data collection sites, denoted by 
distinct markers for each river, offering a clear depiction of the meticulous sampling strategy 
employed in 2014 and 2017. The chart map as a valuable reference for understanding the 
temporal and spatial aspects of our research, enhancing the interpretation of the subsequent 
data and results presented in this study. 
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2.3  Total DNA Extraction and Sequencing Library Preparation  

One liter of collected water was filtered using 0.45 μm filters. Within 24 hours of sampling, 
total DNA extraction was performed using the DNeasy Blood & Tissue kit (69506, QIAGEN, 
85764, Germany), following the manufacturer’s instructions. The extracted DNA was then 
stored at -20°C. DNA concentration and purity assessment were carried out with a 
NanoDropTM 2000 (Thermo Fisher Scientific, Isogen Life Science B.V.,B-4000, Sart- Tilman, 
Belgium). PCR-amplification of the 16S rDNA V1–V3 hypervariable region and library 
preparation was performed with the following primers (with Illumina overhand adapters), 
forward (5′-GAGAGTTTGATYMTGGCTCAG-3′) and reverse (5′-AC- 
CGCGGCTGCTGGCAC-3′). Each PCR product was purified with the Agencourt AMPure XP 
beads kit (Beckman Coulter; Pasadena, CA, USA) and submi6ed to a second PCR round for 
indexing, using the Nextera XT index primers 1 and 2 (Illumina). After purification, PCR 
products were quantified using the Quant-IT PicoGreen (ThermoFisher Scientific; Waltham, 
MA, USA) and diluted to 10 ng/μL. A final quantification of each library was performed using 
the KAPA SYBR® FAST qPCR Kit (KapaBiosystems; Wilmington, MA, USA) before 
normalization, pooling and sequencing on a MiSeq sequencer using V3 reagents (Illumina; San 
Diego, CA, USA) [1].We conducted a stringent selection process, omitting samples with 
insufficient bacterial DNA content or evident PCR inhibitors. Initially, we collected 170 
samples: 144 from 2014 and 26 from 2017, from Rivers AC, B, and AL. During the initial 
processing phase, we encountered low DNA yields in 84 samples: 59 from 2014 and 25 from 
2017. Consequently, we excluded these 84 samples from the analysis, resulting in a final dataset 
of 86 samples. This careful curation process was crucial for ensuring the integrity, reliability, 
and accuracy of our data analysis, minimizing potential biases or limitations in interpreting our 
findings. 

2.3. Bioinformatic Analysis  

2.3.1. Microbial analysis 

During the preprocessing stage, the Illumina adapters and primers were removed from the raw 
data. Subsequently, to ensure data quality and reliability, we applied essential filtering criteria 
using the command screen.seqs as a trimming process. These stringent filtering steps were 
crucial for maintaining the integrity of the sequences, as they enforced a maximum allowance 
of 1 ambiguous base and ensured that all sequences had a mini- mum length of 450 nucleotides. 
This curation process provided a solid foundation for sub- sequent analyses and interpretations 
in our scientific investigation.  

Additionally, following the data curation, we used the MOTHUR software package v1.39.5 
(Schloss et al., 2009) to check for chimeric amplification using the VSearch algorithm [2]. The 
resulting cleaned reads were then aligned to the SILVA database v1.32 [12]. To reduce 
computational complexity while preserving data representation, we subsampled the aligned 
reads, retaining 10,000 reads clustered into operational taxonomic units (OTUs) using the 
average neighbor algorithm from MOTHUR v1.39 with a 0.03 distance cut-off [1,3]. This 
subsampling approach allowed us to efficiently manage the dataset without compromising the 
accuracy of our taxonomic assignments.  

The combined preprocessing and curation steps ensured that our dataset was well- prepared for 
subsequent analyses, and we are confident in the reliability of our findings. A taxonomic 
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identity was attributed to each (OTUs) by comparison with the SILVA data- base using an 80% 
homogeneity cutoff and a threshold of 0.50. The most abundant sequence for each OTU was 
compared with the SILVA dataset 1.32 version using the BLASTN algorithm to infer species 
assignment (1% mismatch threshold for specific labeling). Briefly, the species name, if known, 
or the corresponding NCBI accession number was used. Otherwise, for non-identical OTUs, 
the population was labeled with its corresponding OTU number. In addition to the taxonomic 
profiling, the OTU representative sequences were used to recover all source information and 
host-related information from our source-tracking database (based on sequence data).  

The Shannon Diversity Index been measure of biodiversity that takes into account both the 
number of different species present (species richness) and their relative abundance (evenness) 
using R. Higher Shannon Diversity values indicate higher diversity within a community. Beta 
diversity was evaluated analyzing molecular variance (AMOVA) and homogeneity of 
molecular variance (HOMOVA) using Bray Curtis index.  

 2.3.2. Source Tracker Analysis 

We developed a local 16S rDNA sequence database in our laboratory, linking sequences to 
their curated metadata and biotope information. Alongside taxonomic profiling, we utilized this 
database, named “BiotopeBac-DB,” and the Sequence Tracking (ST) tool, also developed in 
our lab, to identify the source of contamination based on the taxonomic profiles of the samples. 

Starting with the 16S rDNA v1.32 dataset from the SILVA database, we removed eukaryotic 
and vector entries. We retrieved the corresponding GenBank records of the remaining 
sequences, which included metadata and study titles, and curated them to retain host and 
environmental habitat information. This database contains 5 million published 16S rDNA 
sequences with validated taxonomic identities, labeled with publication and biotope 
information (host and habitat). 

 
We reviewed the raw metadata from NCBI entries to encode animal and plant hosts with their 
eukaryotic taxonomic affiliations and retain biotope information. We added a second layer of 
global key terms (e.g., animal, plant, human, soil, water). We also created a catalog of annotated 
metadata terms using a controlled vocabulary, which is available at [this 
link](https://github.com/HibaJabri-project/Host_meta_db/blob/master/Host_Dico.obo.zip). 
The source database file, “BiotopeBac.sdb,” is stored in SQLite binary format and can be 
downloaded from Figshare under the DOI: 
[10.6084/m9.figshare.24499804](https://doi.org/10.6084/m9.figshare.24499804). 

We grouped the sequences collected from the samples by clustering based on similarity, 
defining operational taxonomic units (OTUs) with a chosen similarity threshold (usually 97%). 
Using the corresponding accession numbers, we inferred the source origins. Bacterial source 
identification was conducted using sequence tracking with Sequence Tracking (ST), which can 
be downloaded from Figshare under the DOI: https://doi.org/10.6084/m9.figshare.25998043. 
We selected populations with known accessions and species assignments (maintaining a 99% 
homology threshold). The Sequence Tracking (ST) tool used these accession IDs to retrieve 
source tracking keywords from our database, generating a reference table with accession and 
keyword pairs. 
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The detailed methodology for tracking the source was previously published in an article in 2023 
[4].  

3.  Results and discussion  

3.1. Microbial and organism source profiling   

In 2014, our investigation revealed heightened levels of Pseudarcicella and Limnohabitans in 
both River AC and B (refer to Figure 2.a), aligning with their recognized prevalence in aquatic 
environments [5]. The study selected specific populations for analysis, relegating the remaining 
ones to the ‘others’ category, as visualized in Figure 2b. These inclusive ‘others’ category 
encapsulates populations linked to both human and animal organisms. Examining specific 
organism sources origin, particularly in spot 3 of River B and in River AC, a pronounced 
influence of human activity emerges, emphasizing an intensified impact on River AC. 

Significantly, bacteria such as Acidaminococcus or Akkermansia, closely associated with 
human feces and intestinal infections [6], were observed. This observation sheds light on 
potential implications for water quality and public health. Furthermore, the study revealed a 
bacterial population associated with food at 0.18%, while bacteria originating from industrial 
activities represented 0.43%, as determined by our Sequence Tracking (ST) tool.  

These findings underscore the diverse sources contributing to the microbial composition in the 
studied environments. River AC exhibited a more substantial influence of human activity 
compared to River B, with an observed impact of 0.32%, likely due to intensified human 
activities such as camping and favorable summer weather conditions. We identified various 
human-associated bacteria, including Solobacterium, Bacteroides, Clostridium, 
Oxalobacteraceae, Streptococcus, Intestinibacter, Blautia, Faecalibacterium, Prevotellaceae, 
Ruminococcaceae, Romboutsia, and Oscillospirales. Animal sources were also detected, with 
equids at 0.13%, bovids at 0.11%, other mammals at 0.8%, suids at 0.07%, and birds at 0.07%, 
implying contributions from farming practices or wildlife activity (see Figure 2.b). Specific 
bacteria associated with these animals included Sericytochromatia, Arenimonas, 
Aquabacterium, Chitinivorax, and Sphingomonadaceae for equids; Clostridium, Jeotgalibaca, 
Proteiniphilum, Fermentimonas, and Bacteroides for bovids; Prevotella, Lactobacillus, 
Lachnospiraceae, Planococcaceae, and Sphaerochaeta for suids; and Chryseobacterium, 
Faecalibacterium, Saccharimonadales, Staphylococcus, and Microbacteriaceae for birds. 
Notably, 1.68% of the organism sources were identified, corresponding to 400 sequences out 
of a total of 10,000 subsamples, with the remainder distributed among unknown sources 
(69.63%) and environmental sources (aquatic, soil, air, angiosperms, and gymnosperms) at 
29.2%. Analyzing precipitation and temperature data from 2014, as documented in the Meteo 
Belgique report [7], revealed that the year ranked among the top five hottest in Belgium. This 
climatic condition likely contributed to increased human activity during that period.  
Evaluating alpha diversity between River AC and River B using the Shannon index, both rivers 
display variations in diversity across different locations. In specific spots, River AC exhibits 
higher diversity than River B but the p-value (0.2617) but was not significant. Therefore, we 
suggest that there is no statistically significant difference in Shannon diversities between River 
AC and River B. The negative t-value (t = -1.182) indicates that the mean Shannon diversity in 
River AC is slightly lower than in River B, but this difference is not statistically significant 
based on the p-value given previously by factors such as water quality, habitat characteristics, 
and anthropogenic impacts.	 
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Figure 2: Microbial Composition and Organism Sources origin in Rivers A and B (2014). 
Figure (a) illustrates the microbial composition in Rivers A and B during the year 2014, 
focusing on the prevalence of Pseudarcicella and Limnohabitans. The 13 most abundance 
bacteria population was presentend in the figure and the rest of the population was put in 
“others”. Figure (b) present a bar chart showcases the distribution of Organism sources, 
highlighting the notable influence of human activity. Animal sources, including equids, bovids, 
suids, other mammals, and birds, are depicted, suggesting potential contributions from farming 
practices or wildlife activity. Additionally, the analysis reveals the identifiability of 1.68% of 
organism sources origin, with the remaining portion attributed to unknown sources (69.63%) 
and environmental factors (29.2%), such as aquatic, soil, air, angiosperms, and gymnosperms.  

Beta diversity was evaluated analyzing molecular variance (AMOVA) and homogeneity of 
molecular variance (HOMOVA) using Bray Curtis index presented in Figure 3. The Beta 
Diversity between River AC and River B across different sampling spots in 2014 show a clear 
difference between the diversity of the two rivers. AMOVA and HOMOVA analysis, testing 
Bray Curtis dissimilarity index, revealed a significative difference of the beta diversity between 
River AC and River B (Fig. 3.a). AMOVA analysis (P < 0,5), shown a significantly different 
clustering of River AC from River B. While HOMOVA analysis (P < 0,5), shown a significative 
different dispersion between the samples of both matrices.	Each spot is a unique ecological 
niche that influences the composition of microorganisms (Figure 3.a).   



 

 147 

 

Figure 3. Non-parametric multidimensional scaling (NMDS) representation of (a) River 
AC (black balls) and River B (blue balls) samples. (b) River AL (black balls) and River Ac 
(red balls) based on a Bray-Curtis dissimilarity matrix. The accepted model presents 4 
dimensions (k) for an acceptable stress value (a) of 0,055 for the study of 2014 and (b) of 0,030 
for the study of 2017. The centromere of the two groups (equidistant point between samples of 
the same group) is illustrated by a “spider web” connecting the samples. 

In 2017, our observations revealed that the microbial profiling in River AC and AL did not 
exhibit significant variations when sampled multiple times per day (Figure 4a), indicating the 
stability of the microbiota in dynamic aquatic environments. Notably, River AC displayed a 
dominance of Limnohabitans (30%) and Cyanobiaceae (32%), underscoring the resilience and 
consistent composition of the microbial community in this particular waterway (see Figure 4a). 
Through observations, we have arrived at the conclusion that there is no apparent influence of 
temporal variability on the microbial composition, particularly in River AL compared to River 
AC comparing Shannon diversity index. The p-value of 0.01968 is less than the common 
significance level of 0.05. Therefore, there is a statistically significant difference in the Shannon 
diversity between River AC and River AL. The negative t-value (t = -2.655) and the negative 
lower bound of the confidence interval indicate that, on average, River AC has a lower Shannon 
diversity compared to River AL. 
Our comprehensive examination and analysis furnish compelling evidence that underscores the 
stability and constancy of the observed microbial profiles over time. In 2017, the notable feature 
was the unusually high temperatures, complemented by sunshine and precipitation patterns 
(both in quantity and frequency) that aligned with established norms, as reported on [8]. This 
climatic context may elucidate the elevated presence of human activity observed on River AC. 
However, River AL exhibited only a 3.76% presence of organism source origin in the water 
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(Fig 4.b), which we found 57.73% unknow source and 38.51% environmental correlated with 
observation given the bacterial profile characterized by the predominant abundance of 
Limnohabitans in river AC and Cyanobaiaceae genus in river AL as known environmental 
bacteria origin [9,10]. Beta diversity between the two sites in 2017, across different sampling 
times within a 24-hour period, shows a distinct difference (Figure 3.b). These differences can 
be attributed to human activities at the two sites, such as the presence of a camping area and a 
wastewater treatment plant near the bathing water sampling locations. AMOVA and HOMOVA 
analysis, testing Bray Curtis dissimilarity index, revealed a significative difference of the beta 
diversity between sites AC and AL (Fig. 3.b). AMOVA analysis (P < 0,5), shown a significantly 
different clustering of River AC from River AL. While HOMOVA analysis (P < 0,5), shown a 
significative different dispersion between the samples of both matrices.	This indicates that 
locations AC and AL exhibit two distinct bacterial populations in terms of their proportions. 
However, no significant clustering of bacterial populations was observed within samples from 
the same river. This redundancy indicates that the microbiota in each part of the river is quite 
similar in nature. However, the AMOVA and HOMOVA tests reveal distinct differences 
between the sites (Fig. 2), likely due to varying levels of human activity and environmental 
influences at different locations along the river (Fig. 4). Therefore, from an ecological 
perspective, this may correspond two different ecological niches forming part of a complex 
ecosystem as it has been described for rivers [11,12] specially in Belgium [13,14] and in human 
health risks [15].  

 

Figure 4. Microbial Composition and Organism Sources origin in Rivers AC and AL 
(2017). (a) This figure illustrates the microbial composition in sampling sites AC and AL during 
the year 2017 during 24 hours, focusing on the prevalence of Limnohabitans and Cyanobiaceae 
as major genera present on the different spost of river. (b) The bar chart showcases the 
distribution of organism sources origin, highlighting the notable influence of human activity. 
Animal sources, including equids, bovids, suids, other mammals, and birds, are depicted, 
suggesting potential contributions from farming practices or wildlife activity. Additionally, the 
analysis reveals the identifiability of 40% of organism sources origin, with the remaining 
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portion attributed to unknown sources (22%) and environmental factors (45%), such as 
aquatic, soil, air, angiosperms, and gymnosperms. 

Our tool and BiotopeBac-DB database demonstrate that fecal contamination may originate 
from various organism sources origin, extending beyond just human, as evidenced by the 
tracking of amplicon sequences without the need for traditional microbiota culture analysis. 
The subsequent set of samples collected in 2017 was designed to assess and validate the long-
term stability of the microbiota in aquatic environments, with a particular focus on rivers. The 
results unequivocally demonstrated the efficacy of this approach, confirming the enduring 
stability of the microbiota over time. A clear correlation emerges between the sources of the 
microbiota and their distribution. The distribution of organism sources origin reveals a 
significant animal influence, particularly in River AC, involving bovids, suids, and other 
mammals (see Fig. 4), indicating animal-related activities within these river ecosystems.  

This broader perspective positions our study as a versatile methodology for tracking bacteria 
sources across different rivers, presenting valuable applications in mitigating potential human 
health risks and preventing contamination. By testing our tool in diverse environments, we 
proactively identify and address bacterial sources that may threaten public health. In rural river 
systems, like the focus of our study, characterized by prevalent human activities, our 
methodology becomes crucial for pinpointing specific fecal contamination sources, enabling 
targeted interventions to ensure water safety. Similarly, in agricultural landscapes, our tool's 
ability to trace bacterial origins aids in implementing measures to minimize runoff and protect 
water resources from agricultural-related contaminants. This adaptability underscores the 
potential of our tool, not only for scientific inquiry but also for practical applications in 
safeguarding public health and environmental quality. 
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In this thesis, we aimed to establish a direct correlation between bacterial sequences and their 

habitat sources, moving beyond reliance on taxonomic names alone. By leveraging sequence-

related data, we conducted risk assessments to identify specific sources of bacterial organisms. 

To achieve this, we developed “BiotopeBac-DB”, an open relational database constructed using 

SQL and rigorously validated. This curated database was designed to store bacterial taxonomic 

annotations alongside detailed metadata about their sampled habitats, integrating annotated 

sequences from public databases with additional environmental information. The database was 

organized and generated within our laboratory, with a focus on creating an accessible resource 

that seamlessly combines reliable biotope information with bacterial taxonomic data derived 

from complete 16S rDNA sequences. The selection of the 16S rDNA genetic marker for 

taxonomic identification was a critical aspect of our methodology, balancing cost-effectiveness 

with widely accepted scientific practices in bacterial identification. 

 

The operationalization of the database followed a systematic approach, involving several key 

steps: collecting and organizing 16S rDNA sequence datasets, annotating metadata for sampled 

environments, developing search tools, and utilizing the database for hypothesis testing. This 

process was divided into multiple phases, each carefully designed to support the construction, 

validation, and application of the BiotopeBac-DB database. These phases included data 

extraction and organization, manual annotation of terminology, creation of search tools 

(Metagenomic Source Tool “MGST” and Sequence Tracking tool “ST”), database validation, 

and testing methodologies using datasets from specific environments. 

 

Similar tools, such as MetaPhlAn, SourceTracker, and SeqEnv, have also utilized metagenomic 

data to identify microbial sources. For instance, SourceTracker employs Bayesian methods to 

predict the sources of microbial communities in environmental samples (Knights et al., 2011), 

while MetaPhlAn uses marker genes to profile microbial communities (Segata et al., 2012). 

SeqEnv focuses on linking environmental sequences to habitats by assigning environmental 

metadata to taxonomic groups, providing insights into their ecological context (Sinclair et al., 

2016). While effective, these tools often rely heavily on taxonomic classifications and do not 

integrate habitat information as extensively as BiotopeBac-DB. Other tools, such as 

FORENSIC and BioNLP, utilize different methodologies for microbial source tracking. 

FORENSIC focuses on identifying sources of fecal contamination through machine learning 

models (Wilkins et al., 2014), while BioNLP provides natural language processing techniques 

to annotate microbial sequences (Arighi et al., 2011). However, our approach differs by directly 
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linking 16S rDNA sequences to their respective biotopes, enabling more precise assignment of 

bacterial population sources and offering substantial clues regarding their origin and 

characteristics. 

 

During the process of sequence annotation and taxonomic identification of the 16S rDNA gene, 

certain annotations, such as "uncultured bacteria," were inaccurately assigned due to various 

factors. These included sequence variability, where the 16S rDNA gene displayed variable 

regions among different taxa, posing challenges in creating universally applicable reference 

databases and alignment algorithms. Additionally, limitations in existing databases could result 

in incomplete identifications or mis-annotations. Misidentified sequences could arise from 

errors in sample labeling, sequencing artifacts, or inaccuracies in database entries. The presence 

of uncultured or poorly characterized bacterial species further contributed to annotations like 

"unclassified/uncultured" or "environmental bacteria." Moreover, the taxonomic resolution 

provided by 16S rDNA sequences was not always sufficient to differentiate closely related 

species or strains accurately, leading to ambiguous or inaccurate identifications. Issues with 

sequence quality, such as sequencing errors or contamination, could further complicate 

taxonomic annotations. Methodological biases, including the choice of sequencing platform, 

primer selection, and PCR conditions, could also introduce biases that impacted taxonomic 

assignments. Given these challenges, the second objective of this thesis aimed to complement 

metagenomic analysis with a parallel investigation into source identification for annotated and 

misannotated sequences. This work acknowledged the pitfalls of bacterial identification faced 

by microbiology, highlighting the inadequacy of relying solely on biochemical properties, 

poorly annotated sequences, or colony appearance for species assignment. In response, we 

advocated a new approach that bypassed species labeling and directly linked 16S rDNA 

sequences to their respective biotopes, enabling more precise assignment of bacterial 

population sources and offering substantial clues regarding their origin and characteristics. 

 

The third objective of the thesis focused on distinguishing between bacteria of host origin and 

those originating from the environment. This objective was investigated through two 

comprehensive studies conducted as part of the thesis. The first study aimed to assess the 

capability of discerning the origin of bacterial 16S rDNA sequences in veterinary restrooms. 

By analyzing the genetic sequences present in these indoor environments, the study sought to 

differentiate between bacteria derived from human occupants and those originating from 

animals. The second study delved into bacterial source tracking in natural river bathing waters, 
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aiming to identify and distinguish sources of contamination in these aquatic environments, 

particularly differentiating between bacteria originating from human activities and those 

naturally present in the environment. Through these studies, the thesis advanced understanding 

and methodologies for identifying the origin of bacteria, contributing to the fields of microbial 

ecology and source tracking. 

 

Our approach incorporated curated annotation and statistical modeling to identify hidden 

patterns among uncultured or unknown bacteria. By utilizing large datasets and sophisticated 

algorithms, we predicted the probable habitats or sources of these "unknown" species. This 

methodology not only refined our understanding of microbial ecology but also enhanced the 

accuracy of contamination source tracking and environmental monitoring. However, it is 

critical to emphasize that metagenomic approaches like ours cannot replace traditional culture-

based methods, as these techniques serve fundamentally different objectives. Culture-based 

methods remain indispensable for isolating live organisms, studying their functional traits (e.g., 

metabolism, pathogenicity), and validating hypotheses about microbial behavior in controlled 

settings. In contrast, metagenomics provides a broad, community-level perspective of genetic 

potential and environmental distribution, often uncovering taxa that resist cultivation. Together, 

these complementary approaches cultivation for functional validation and metagenomics for 

ecological inference advance a holistic understanding of microbial systems (Steen et al., 2019). 

 

In summary, this thesis contributes to the field of source tracking within 16S rDNA metagenetic 

analysis, specifically assisting microbiologists in obtaining curated and better annotations of 

contamination sources. Beginning with the construction and validation of the “BiotopeBac-

DB” database, along with the development of the associated methodology detailed in the 

previous chapters, our work started with foundational efforts in chapter one. This initial phase 

focused on creating the “BiotopeBac-DB” database, the MGST validation tool, and the ST 

software, which collectively provide essential resources and tools to enhance source tracking 

studies in microbiology. 

 

The experimental phase of this study involved two distinct sampling campaigns (2014 and 

2017) conducted under consistent methodological conditions, including identical sequencing 

protocols, filtration techniques, and bioinformatic pipelines to ensure comparability. While the 

core methodology remained unchanged, the sampling conditions and temporal contexts differed 

to address two critical questions. First, we aimed to determine whether bacterial biodiversity 
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and contamination sources (e.g., animal vs. human) varied significantly between two 

geographically distinct sampling areas (River A and B in bathing water sites). Second, we 

investigated temporal dynamics within the same sampling area over a 24-hour period to assess 

short-term fluctuations in bacterial diversity and contamination sources. To achieve this, we 

applied our newly developed Sequence Tracking Tool (ST) to analyze datasets from both 

campaigns. This tool enabled precise identification of bacterial sources (e.g., differentiating 

animal-derived Bacteroides from human-associated variants) while accounting for temporal 

variations in microbial communities. By maintaining methodological consistency across 

campaigns, we isolated the effects of spatial heterogeneity (differences between sampling 

areas) and temporal shifts (changes within a single site over 24 hours) on bacterial diversity. 

This approach not only validated the utility of the ST tool but also highlighted its capacity to 

disentangle complex ecological patterns, such as the persistence of contamination signatures or 

the influence of transient animal presence on microbial communities. 

 

The results from this phase, presented in this thesis, underscore the importance of standardized 

protocols in longitudinal and spatial microbial studies. They also demonstrate how integrating 

temporal and spatial dimensions into microbial tracking can refine our understanding of 

contamination pathways and ecosystem resilience. Our methodology proved robust, showing 

precise source tracking across diverse environments. Through extensive sampling, amplicon 

sequencing, and the use of the “BiotopeBac-DB” database, we investigated the microbiological 

dynamics of frequently visited restrooms and aquatic environments. The results highlighted the 

database’s effectiveness in differentiating bacterial sources between animal and human origins 

in varied settings, including aquatic ecosystems. This multi-environment validation 

underscores the adaptability and reliability of our database, tools, and methodology, illustrating 

their practical value in enhancing source tracking within metagenomic analysis. 

 

In essence, the trajectory woven across these chapters illustrates a comprehensive and iterative 

approach to database construction and validation. From its inception and validations in chapter 

three to the refined practical applications in the experimental section, our research underscores 

the robustness of the “BiotopeBac-DB” database in precisely discerning microbial sources. As 

we deepen our comprehension of microbial dynamics in varied environments, the applicability 

and versatility of our methodology become increasingly apparent. These findings make a 

substantial contribution to the field of microbial source tracking, providing a valuable tool for 

environmental management and public health interventions. The chapters, harmonizing with 
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their predecessors, construct a cohesive narrative, further solidifying the reliability and 

relevance of the BiotopeBac-DB database in advancing our understanding of bacterial sources 

across diverse ecosystems. 

 

Our approach to biotope classification relied on constructing a novel ontological framework 

based on biological and taxonomic data rather than adopting pre-existing dictionaries or 

ontologies. While this allowed us to tailor the system to our specific research objectives, it also 

introduces limitations in exhaustiveness. Given the vast diversity of microbial habitats and the 

dynamic nature of microbial communities, it is challenging to ensure complete coverage of all 

possible biotopes. Certain environments, particularly understudied or poorly characterized 

niches (e.g., host-associated microenvironments or extreme habitats), may not yet be 

adequately represented in our database. Additionally, the absence of standardized terminology 

for some microbial habitats complicates their unambiguous classification. To address these 

gaps, future work should integrate collaborative efforts with existing ontological resources 

(e.g., ENVO, MIMARKS) and expand sampling efforts to include underrepresented 

environments. This iterative refinement will enhance both the resolution and inclusivity of 

biotope annotations, aligning with broader goals of ecological and biotechnological research. 

 

This work represents a significant step forward by leveraging the direct correlation between 

bacterial sequences and their habitat sources, moving beyond traditional taxonomic approaches. 

We developed “BiotopeBac-DB”, an advanced relational database that integrates bacterial 

taxonomic annotations with detailed metadata about their sampled habitats. This curated 

resource provides a comprehensive and precise tool for microbial source tracking. BiotopeBac-

DB enhances environmental management and public health interventions by offering valuable 

insights into bacterial origins. Its integration of sequence data and habitat information makes it 

an indispensable resource across multiple disciplines, facilitating more accurate and effective 

analyses. 

 

While the 16S rDNA has been a cornerstone of microbial identification, future advancements 

could benefit from integrating Metagenome-Assembled Genomes (MAGs) into our 

methodology. Unlike the 16S rDNA, which targets a single gene, MAGs provide a more 

comprehensive view of microbial genomes, enabling researchers to study not only taxonomic 

identity but also functional potential. For example, the presence of genes related to antibiotic 

resistance (MAR) or other metabolic functions can be identified through MAGs. However, it is 
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important to note that the presence of a gene does not necessarily indicate its expression or 

functionality. To fully understand whether a gene is active, complementary RNA sequencing 

(RNA-seq) is required to analyze gene expression levels. This dual approach combining MAGs 

for functional potential and RNA-seq for expression would provide a more holistic 

understanding of microbial communities and their roles in various environments. 

 

While this thesis focuses on bacterial source tracking using 16S rDNA, the ST framework holds 

potential for adaptation to other domains, such as viral or bacteriophage-based microbial source 

tracking (MST). For example, bacteriophages like crAssphage a human gut-associated phage 

are increasingly recognized as stable, indirect markers of fecal contamination due to their 

environmental persistence and host specificity. Unlike bacterial markers, which may degrade 

rapidly or exhibit temporal variability, phages like crAssphage offer a more robust signal for 

tracking contamination sources over extended periods (Ahmed et al., 2015). The ST tool could 

theoretically be applied to viral DNA extracted from environmental samples, leveraging 

sequencing data from phage genomes to identify contamination sources. This approach would 

mirror our bacterial framework but capitalize on the stability of viral markers. For instance, 

Ahmed et al. (2015) demonstrated that crAssphage markers outperform traditional 

Bacteroidales-based methods in detecting human fecal contamination in surface water, 

highlighting the utility of phage-based MST. Integrating such viral markers into the ST 

framework could enhance its resolution for environments where bacterial signals are transient 

or ambiguous. However, transitioning to viral targets would require adjustments, such as 

optimizing viral DNA extraction protocols and expanding reference databases to include phage 

genomes. Future studies could explore hybrid approaches, combining bacterial and phage 

markers within the ST framework to improve accuracy in complex environments. This dual-

marker strategy would align with emerging trends in MST, where multi-target systems are 

increasingly advocated to address the limitations of single-marker systems (Harwood et al., 

2019). 

 

By incorporating MAGs, our methodology could move beyond taxonomic classification to 

explore the functional capabilities of microbial communities. This would allow us to identify 

not only who is present but also what they can do, such as their potential for antibiotic 

resistance, nutrient cycling, or pathogenicity. However, this approach also introduces new 

challenges, such as the need for more sophisticated computational tools and larger datasets to 

handle the complexity of whole-genome analyses. Despite these challenges, the integration of 
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MAGs and RNA-seq represents a promising direction for future research, offering deeper 

insights into microbial ecology and enhancing our ability to track and manage microbial sources 

in diverse environments. 

 

Future enhancements could involve the integration of artificial intelligence (AI) and machine 

learning (ML) to analyze and interpret the vast amount of data generated. AI algorithms can 

identify hidden patterns and correlations between bacterial sequences and their habitats, which 

are not immediately apparent through traditional methods. By applying ML techniques, we 

could predict the probable habitat or source of "unknown" bacterial species, refining our 

understanding of microbial ecology and enhancing the accuracy of contamination source 

tracking. Specifically, we propose training models that can predict bacterial sources without the 

necessity of building a static database. Instead, these models would dynamically gather public 

information from various sources, such as genomic repositories, environmental records, and 

scientific literature. This data would then be structured into a knowledge graph, which the AI 

system could continuously update and expand. The knowledge graph would enable the AI to 

link disparate pieces of information, providing a comprehensive contextual understanding of 

bacterial sequences. For example, the graph could connect specific bacterial genes to known 

habitats, environmental conditions, and related microbial communities. Using this enriched 

data structure, the AI could make more informed predictions about the origins of newly 

sequenced bacterial strains. This approach would significantly enhance the efficacy and 

flexibility of our system, allowing it to adapt to new information and evolving scientific 

knowledge. 

 

Additionally, leveraging natural language processing (NLP) techniques would allow the AI to 

extract relevant data from unstructured sources, such as research papers and reports. This 

capability would further enrich the knowledge graph, ensuring that the AI has access to the 

most current and comprehensive data available. By combining these advanced AI 

methodologies, our system could provide real-time, accurate predictions about bacterial 

sources, greatly improving the speed and precision of contamination source tracking and 

microbial ecology studies. 

 

Transitioning our database to a cloud-based platform would enable more efficient data 

management and accessibility. The cloud can provide scalable storage solutions, ensuring that 

as our dataset grows, we can maintain performance and accessibility. Additionally, cloud-based 
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solutions facilitate easier data sharing and collaboration among researchers globally, enhancing 

the collective effort to improve microbial source tracking. 

 

Employing ETL (Extract, Transform, Load) tools can streamline the process of managing and 

curating the data. These tools can automate the extraction of raw data from various sources, 

transform it into a suitable format for analysis, and load it into our database. This automation 

reduces the risk of errors and improves the efficiency and reliability of our data processing 

pipeline. Examples of ETL tools that could be particularly beneficial for our study include 

Apache NiFi, which offers a robust and flexible data flow management system (Apache 

Software Foundation, 2023), and Talend, known for its user-friendly interface and 

comprehensive data integration capabilities (Talend, 2023). Another valuable tool is Apache 

Airflow, which excels in orchestrating complex workflows and can easily integrate with various 

data sources and transformation processes (Apache Software Foundation, 2023). Using these 

ETL tools, we can ensure our data pipeline is both efficient and scalable, facilitating more 

accurate and timely analysis. 

 

Additionally, we can enhance our automated data processing capabilities by incorporating 

workflow management systems such as Nextflow. Nextflow allows for the efficient 

orchestration of bioinformatics pipelines, handling complex data workflows and enabling 

seamless integration with various computational environments (Di Tommaso et al., 2017). By 

leveraging Nextflow, we can automate and optimize our data processing pipeline further, 

ensuring that our analysis remains robust, reproducible, and scalable. 

 

Combining multiple ontologies to enrich the annotation of our metadata, particularly through 

Natural Language Processing (NLP) techniques, can significantly enhance the value of our 

curated data. By leveraging NLP for annotation, we can accurately extract and standardize 

terminologies from not only metadata and titles used in our study, but also from other sources 

such as descriptions and full-text articles in microorganisms reviews and conferences. This 

comprehensive approach allows us to capture nuanced information present in unstructured text 

data, complementing structured ontology-based annotations. This integration facilitates better 

data interoperability and more robust analyses, as it enables us to bridge the gap between 

structured and unstructured data, ultimately leading to more insightful conclusions and 

discoveries. 
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Finally, the creation of a user-friendly website for our database is poised to revolutionize 

accessibility and usability within the field of source tracking in metagenomic analysis. Beyond 

simply accessing data, this platform will serve as a hub for comprehensive analysis, offering a 

range of powerful tools and features. For instance, researchers can utilize advanced search 

functionalities to pinpoint specific microbial communities or genetic signatures within vast 

datasets. The integration of interactive visualization tools will enable users to explore complex 

data structures with ease, facilitating deeper insights into microbial dynamics and interactions. 

Moreover, the website will support real-time updates, ensuring that researchers have access to 

the most current information for their analyses. This dynamic nature enhances the relevance 

and reliability of the data, particularly in rapidly evolving research areas such as microbiome 

studies. Additionally, the availability of downloadable datasets in standardized formats will 

promote interoperability and reproducibility across research endeavors, fostering collaboration 

and knowledge exchange within the scientific community. 

 

In conclusion, this thesis marks a significant step forward in enhancing source tracking 

methodologies within metagenomic analysis. From the creation of the BiotopeBac-DB database 

to the development and validation of innovative tools such as the MGST in the third chapter, 

and the application of the ST tool in studies on restrooms and bathing water, this work 

establishes a solid foundation for the field. It provides a basis for future research and 

applications, with great potential for further development. Looking ahead, there are substantial 

opportunities to build on this work, fostering ongoing progress and innovation to address 

emerging challenges in understanding and managing microbial ecosystems. By continually 

improving user-friendly platforms and tools, we can leverage metagenomic data to better 

understand the complexities of microbial communities and their ecological roles, ultimately 

advancing scientific knowledge and contributing to human health and environmental 

sustainability.  
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Appendix 1 
 

# Download the fasta file from silva database version 132 

$ Silva 132_SSU_TAX_Parc.fasta 

#Keep just the bacterial accession  

$ grep “Bacteria;” –a1 <$ Silva 132_SSU_TAX. fasta > silva_Bacteria.fasta 

#Delete the sequence and keep the taxonomic fileds with acc Number 

$grep “>” silva_Bacteria.fasta | sed ‘s/>//1’ |sed –e ‘s/$/;/’ >Silva_taxon.txt 

#keep the good acc number 

$ cut –d .  -f1 <Silva_good.txt >acc.txt 

 
Appendix 2 
 

 
 
Appendix 3 
 

 
 



 

 177 

 
 
Appendix 4 
 
#!/usr/bin/env perl 
# Script_name: combiner_paired_thesorus_dico_HJ.pl 
# version 2 in 25th February 2019 by Hiba & Bernard 
#use :  perl combiner_paired_thesorus_dico_HJ.pl --
paired=paired_terms_v2.txt --thesorus=thesorus_v2.txt --dico=dico.v9.txt -
-out=obo_data_perl.obo 2>tata 
 
 
use Modern::Perl '2011'; 
use autodie; 
use Getopt::Euclid; 
use Smart::Comments; 
use Tie::IxHash; 
 
tie my %obo_data, 'Tie::IxHash'; 
 
open my $dico, '<', $ARGV{'--dico'}; 
my $offset; 
 
while(my $line = <$dico>) { 
 chomp $line; 
 $line = lc $line; 
 my $offset = ++$offset; 
 #hash dernier champ du dico a (name :) = 
 my @split_dico = split /;/xms, $line; 
 # $last_field == $name_dico and is the KEY to the hash 
 my $last_field = $split_dico[-1]; 
 $last_field =~ tr/_/ /; 
 my @associated_synonyms = get_synonyms($last_field); 
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 my @paired_words = get_paired($last_field); 
 
 ## update @associated_synonyms avec les $paired si il(s) existe(nt) 
 push (@associated_synonyms, @paired_words) if @paired_words; 
 
 
 $obo_data{$last_field} = {id=> $offset, name => $last_field, is_a 
=> $line }; 
 push (@{ $obo_data{$last_field}{synonyms} }, @associated_synonyms); 
  
 } 
open my $out, '>', $ARGV{'--out'}; 
  
  while (my ($term, $details) = each %obo_data) { 
   my ($id, $is_a, $name, @synonyms ) = @{$details}{ qw(id is_a 
name synonyms) }; 
    
  my @last_fields = split /;/xms, $is_a; 
  my $last_field = join(";", $last_fields[0], 
$last_fields[1]); 
  ### $last_field 
   say {$out}'[Term]'; 
   say {$out}"id: HOST:$id"; 
   say {$out}"name: $name" ; 
   say {$out}"def: $is_a" ; 
   for my $synonym (@synonyms) { 
   push (my @list_synonym , @$synonym); 
   while (my $synonym = shift @list_synonym) { 
    say {$out}"synonym: \"$synonym\""; 
   } 
  } 
   say {$out}"is_a: ! $name"; 
  say {$out}"relationship part_of ! $last_field" if 
$last_field ne q{}; 
   say {$out}q{}; 
  } 
  
 close $out; 
 
 
sub get_paired { 
 my $last_field = shift; 
 my @paired_words; 
 open my $in, '<', $ARGV{'--paired'}; 
  
 LINE: 
 while(my $line = <$in>) { 
  chomp $line; 
  $line = lc $line; 
  my ($paired,$new_paired) = split /\t+/xms , $line; 
  if ($paired eq $new_paired){ 
   next LINE; 
  } 
  if ($last_field eq $new_paired ) { 
   push @paired_words, $paired; 
  } 
 } 
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 return @paired_words; 
} 
 
sub get_synonyms { 
 my $last_field = shift; 
 my @associated_synonyms; 
  
 open my $theso, '<', $ARGV{'--thesorus'}; 
  
 LINE: 
 while(my $line = <$theso>) { 
  chomp $line; 
  $line = lc $line; 
  my ($name_synonym, @synonyms)= split /[,\t]/xms, $line; 
   
   
  if ($name_synonym eq $last_field) { 
   push (@associated_synonyms, @synonyms); 
 
   last LINE; 
 
  } 
 } 
 return @associated_synonyms; 
} 
 
 
=head1 USAGE 
  
$0 --paired=<paired> --thesorus=<thesorus> --dico=<dico> --out=<out> 
  
=head1 REQUIRED ARGUMENTS 
  
=over 
  
=item --thesorus=<thesorus> 
  
 Path to a file with a thesorus file  
  
=for Euclid: 
    thesorus.type: readable 
  
=item --paired=<paired> 
  
 Path to a paired file 
  
=for Euclid: 
    paired.type: readable 
 
=item --dico=<dico> 
  
 Path to a file with a dico file  
  
=for Euclid: 
    dico.type: readable 
 
=item --out=<out> 
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Path for output file 
 
=for Euclid: 
     out.type : writeable 
 
=back 
 
=head1 OPTIONAL ARGUMENTS 
  
=over 
  
=item --version 
  
=item --usage 
  
=item --help 
  
=item --man 
  
 Print the usual program information 
  
=back 
 
=head1 AUTHOR 
 
Hiba JABRI, C<< <hiba.jabri at uliege.be> >> 
 
=head1 BUGS 
 
There are undoubtedly serious bugs lurking somewhere in this code. 
Bug reports and other feedback are most welcome. 
 
=head1 COPYRIGHT 
 
Copyright (c) 2018, Hiba JABRI. All Rights Reserved. 
This program is free software. It may be used, redistributed 
and/or modified under the terms of the Perl Artistic License 
(see http://www.perl.com/perl/misc/Artistic.html) 

 
 
Appendix 5 
 
#!/usr/bin/env perl 
# Script_name: creation_flag file 
# version 1 in 20th March 2019 by Hiba 
 
 
use Modern::Perl '2011'; 
use autodie; 
use Smart::Comments; 
use List::AllUtils 'uniq'; 
 
 
unless (@ARGV == 2) { 
die <<"EOT"; 
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Usage: $0 <infile.txt> <outfile.txt> 
This tool creat flag file from dico.V9.txt to flag_list output file 
Example: $0 dico.V9.txt flag_list.txt 
EOT 
} 
 
my $infile = shift; 
my $outfile = shift; 
 
 
my @FISH; 
my @HUMAN; 
my @PRIMATES; 
my @CANIDS; 
my @FELIDS; 
my @SUIDS; 
my @BOVIDS; 
my @EQUIDS; 
my @RODENTS; 
my @BIRDS; 
my @AMPHIBIANS; 
my @REPTILES; 
my @INSECTS; 
my @CRUSTACEANS; 
my @ARACHNIDS; 
my @MYRIAPODS; 
my @MOLLUSCS; 
my @ANNELIDS; 
my @MOSSES; 
my @FERNS; 
my @GYMNOSPERMS; 
my @ANGIOSPERMS; 
my @FUNGI; 
my @SOIL; 
my @AQUATIC; 
my @AIR; 
my @FOOD; 
 
#all Regex 
my $FISH_rx = qr{;(?:fish|cyclostomata|chondrichthyes|actinopterygii);}; 
my $HUMAN_rx = qr{;(?:human|homo;)}; 
my $PRIMATES_rx = qr{;primates}; 
my $CANIDS_rx = qr{;canidae}; 
my $FELIDS_rx = qr{;felidae}; 
my $SUIDS_rx = qr{;suidae}; 
my $BOVIDS_rx = qr{;bovidae}; 
my $EQUIDS_rx = qr{;equidae}; 
my $RODENTS_rx = qr{;rodentia}; 
my $BIRDS_rx = qr{;aves}; 
my $AMPHIBIANS_rx = qr{;amphibia}; 
my $REPTILES_rx = qr{;(?:testudines|lepidosauria)}; 
my $INSECTS_rx = qr{;hexapoda}; 
my $CRUSTACEANS_rx = qr{;pancrustacea}; 
my $ARACHNIDS_rx = qr{;chelicerata}; 
my $MYRIAPODS_rx = qr{;myriapoda}; 
my $MOLLUSCS_rx = qr{;mollusca}; 
my $ANNELIDS_rx = qr{;annelida}; 
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my $MOSSES_rx = qr{;bryophyta}; 
my $FERNS_rx = qr{;polypodiopsida}; 
my $GYMNOSPERMS_rx = qr{;acrogymnospermae}; 
my $ANGIOSPERMS_rx = qr{;magnoliophyta}; 
my $FUNGI_rx = qr{;fungi}; 
my $SOIL_rx = qr{;soil}; 
my $AQUATIC_rx = qr{;aquatic}; 
my $AIR_rx = qr{;air}; 
my $FOOD_rx = qr{;food}; 
 
 
open my $dico, '<', $infile; 
 LINE: 
 while(my $line = <$dico>) { 
  chomp $line; 
  $line = lc $line; 
   $line =~ tr /_/ /; 
   
   if ($line =~ $FISH_rx) { 
    (my $tax_element) = $line =~ m/($FISH_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@FISH, $tax_elements[-1]); 
   } 
   if ($line =~ $HUMAN_rx) { 
    (my $tax_element) = $line =~ m/($HUMAN_rx.*)/xmsi; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@HUMAN, $tax_elements[-1]); 
   } 
   if ($line =~ $PRIMATES_rx) { 
    (my $tax_element) = $line =~ 
m/($PRIMATES_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@PRIMATES, $tax_elements[-1]); 
   } 
   if ($line =~ $CANIDS_rx) { 
    (my $tax_element) = $line =~ m/($CANIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@CANIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $FELIDS_rx) { 
    (my $tax_element) = $line =~ m/($FELIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@FELIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $SUIDS_rx) { 
    (my $tax_element) = $line =~ m/($SUIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@SUIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $BOVIDS_rx) { 
    (my $tax_element) = $line =~ m/($BOVIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@BOVIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $EQUIDS_rx) { 
    (my $tax_element) = $line =~ m/($EQUIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
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    push (@EQUIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $RODENTS_rx) { 
    (my $tax_element) = $line =~ 
m/($RODENTS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@RODENTS, $tax_elements[-1]); 
   } 
   if ($line =~ $BIRDS_rx) { 
    (my $tax_element) = $line =~ m/($BIRDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@BIRDS, $tax_elements[-1]); 
   } 
   if ($line =~ $AMPHIBIANS_rx) { 
    (my $tax_element) = $line =~ 
m/($AMPHIBIANS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@AMPHIBIANS, $tax_elements[-1]); 
   } 
   if ($line =~ $REPTILES_rx) { 
    (my $tax_element) = $line =~ 
m/($REPTILES_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@REPTILES, $tax_elements[-1]); 
   } 
   if ($line =~ $INSECTS_rx) { 
    (my $tax_element) = $line =~ 
m/($INSECTS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@INSECTS, $tax_elements[-1]); 
   } 
   if ($line =~ $CRUSTACEANS_rx) { 
    (my $tax_element) = $line =~ 
m/($CRUSTACEANS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@CRUSTACEANS, $tax_elements[-1]); 
   } 
   if ($line =~ $ARACHNIDS_rx) { 
    (my $tax_element) = $line =~ 
m/($ARACHNIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@ARACHNIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $MYRIAPODS_rx) { 
    (my $tax_element) = $line =~ 
m/($MYRIAPODS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@MYRIAPODS, $tax_elements[-1]); 
   } 
   if ($line =~ $MOLLUSCS_rx) { 
    (my $tax_element) = $line =~ 
m/($MOLLUSCS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@MOLLUSCS, $tax_elements[-1]); 
   } 
   if ($line =~ $ANNELIDS_rx) { 
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    (my $tax_element) = $line =~ 
m/($ANNELIDS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@ANNELIDS, $tax_elements[-1]); 
   } 
   if ($line =~ $MOSSES_rx) { 
    (my $tax_element) = $line =~ m/($MOSSES_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@MOSSES, $tax_elements[-1]); 
   } 
    if ($line =~ $FERNS_rx) { 
    (my $tax_element) = $line =~ m/($FERNS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@FERNS, $tax_elements[-1]); 
   } 
   if ($line =~ $GYMNOSPERMS_rx) { 
    (my $tax_element) = $line =~ 
m/($GYMNOSPERMS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@GYMNOSPERMS, $tax_elements[-1]); 
   } 
   if ($line =~ $ANGIOSPERMS_rx) { 
    (my $tax_element) = $line =~ 
m/($ANGIOSPERMS_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@ANGIOSPERMS, $tax_elements[-1]); 
   } 
   if ($line =~ $FUNGI_rx) { 
    (my $tax_element) = $line =~ m/($FUNGI_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@FUNGI, $tax_elements[-1]); 
   } 
   if ($line =~ $SOIL_rx) { 
    (my $tax_element) = $line =~ m/($SOIL_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@SOIL, $tax_elements[-1]); 
   } 
   if ($line =~ $AQUATIC_rx) { 
    (my $tax_element) = $line =~ 
m/($AQUATIC_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@AQUATIC, $tax_elements[-1]); 
   } 
   if ($line =~ $AIR_rx) { 
    (my $tax_element) = $line =~ m/($AIR_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@AIR, $tax_elements[-1]); 
   } 
   if ($line =~ $FOOD_rx) { 
    (my $tax_element) = $line =~ m/($FOOD_rx.*)/xmsg; 
    my @tax_elements = split /;/xms , $tax_element; 
    push (@FOOD, $tax_elements[-1]); 
   } 
 
 
 } 
close $dico; 
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open my $out, '>' , $outfile; 
 
  my $list =join ",", @FISH;  
  say {$out} 'FISH' . "\t" . "$list" ; 
  my $list1 =join ",", @HUMAN;  
  say {$out} 'HUMAN' . "\t" . "$list1" ; 
  my $list26 =join ",", @PRIMATES;  
  say {$out} 'PRIMATES' . "\t" . "$list26" ; 
  my $list2 =join ",", @CANIDS;  
  say {$out} 'CANIDS' . "\t" . "$list2" ; 
  my $list3 =join ",", @FELIDS;  
  say {$out} 'FELIDS' . "\t" . "$list3" ; 
  my $list4 =join ",", @SUIDS;  
  say {$out} 'SUIDS' . "\t" . "$list4" ; 
  my $list5 =join ",", @BOVIDS;  
  say {$out} 'BOVIDS' . "\t" . "$list5" ; 
  my $list6 =join ",", @EQUIDS;  
  say {$out} 'EQUIDS' . "\t" . "$list6" ; 
  my $list7 =join ",", @RODENTS;  
  say {$out} 'RODENTS' . "\t" . "$list7" ; 
  my $list8 =join ",", @BIRDS;  
  say {$out} 'BIRDS' . "\t" . "$list8" ; 
  my $list9 =join ",", @AMPHIBIANS;  
  say {$out} 'AMPHIBIANS' . "\t" . "$list9" ; 
  my $list10 =join ",", @REPTILES;  
  say {$out} 'REPTILES' . "\t" . "$list10" ; 
  my $list11 =join ",", @INSECTS;  
  say {$out} 'INSECTS' . "\t" . "$list11" ; 
  my $list12 =join ",", @CRUSTACEANS;  
  say {$out} 'CRUSTACEANS' . "\t" . "$list12" ; 
  my $list13 =join ",", @ARACHNIDS; 
  say {$out} 'ARACHNIDS' . "\t" . "$list13" ; 
  my $list14 =join ",", @MYRIAPODS;  
  say {$out} 'MYRIAPODS' . "\t" . "$list14" ; 
  my $list15 =join ",", @MOLLUSCS;  
  say {$out} 'MOLLUSCS' . "\t" . "$list15" ; 
  my $list16 =join ",", @ANNELIDS;  
  say {$out} 'ANNELIDS' . "\t" . "$list16" ; 
  my $list17 =join ",", @MOSSES;  
  say {$out} 'MOSSES' . "\t" . "$list17" ; 
  my $list18 =join ",", @FERNS;  
  say {$out} 'FERNS' . "\t" . "$list18" ; 
  my $list19 =join ",", @GYMNOSPERMS;  
  say {$out} 'GYMNOSPERMS' . "\t" . "$list19" ; 
  my $list20 =join ",", @ANGIOSPERMS;  
  say {$out} 'ANGIOSPERMS' . "\t" . "$list20" ; 
  my $list21 =join ",", @FUNGI;  
  say {$out} 'FUNGI' . "\t" . "$list21" ; 
  my $list22 =join ",", @SOIL;  
  say {$out} 'SOIL' . "\t" . "$list22" ; 
  my $list23 =join ",", @AQUATIC;  
  say {$out} 'AQUATIC' . "\t" . "$list23" ; 
  my $list24 =join ",", @AIR;  
  say {$out} 'AIR' . "\t" . "$list24" ; 
  my $list25 =join ",", @FOOD;  
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  say {$out} 'FOOD' . "\t" . "$list25" ; 
 
close $out; 
 

 
Appendix 6 
 
#!/usr/bin/env perl 
# Script_name: BD_treat_dico.pl version 2 
# version 1 in 8th january 2019 by hiba&bernard 
# version 2 in 21th february 2020 by Hiba 
# ABSTRACT: Script for renaming a list using a Dico_treat_term.txt file. 
#use : perl BD_Treat_dico.pl --dico=BiotopeBac_Dico.obo --
list=acc_host.csv 2>log 
 
use Modern::Perl '2011'; 
use autodie; 
use Getopt::Euclid; 
use Smart::Comments; 
use List::AllUtils 'uniq'; 
use File::Basename; 
use Path::Class 'file'; 
use Storable; 
 
my %def_for; 
 
open my $dico, '<', $ARGV{'--dico'}; 
 my @names; 
while(my $line = <$dico>) { 
    chomp $line; 
    if ($line =~ /^name:/) { 
        my (undef, $name) = split /: /, $line; 
        push @names, lc($name); 
        ## name: $name 
        ## names: @names 
         
    } 
    if ($line =~ /^synonym:/) { 
        my (undef, $name) = split /\"/, $line; 
        push @names, lc($name); 
  ## synonym: $name 
         
    } 
    if ($line =~ /^flag:/) { 
        my (undef, $flag) = split /! /, $line; 
        ## traduction: $flag 
        foreach my $new_name (@names) { 
            $def_for{$new_name} = $flag; 
            } 
    ## @names 
    ## %def_for 
        @names = (); 
    } 
 
} 
## %def_for 
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open my $host, '<', $ARGV{'--list'}; 
 
my %ontology_for; 
 
while(my $line = <$host>) { 
 chomp $line; 
 my ($Acc,@line_content) = split /\s+/xms, $line; 
 @line_content = map lc, @line_content ; 
 
 my @definitions;  
 
DEFINITION: 
 while ( my $term = shift @line_content ) { 
  
  ## $term 
  ## $line_content[0]:$line_content[0] 
  ## $line_content[1]:$line_content[1] 
   
   
  unless (@line_content) { 
  ## ne fait que si line content est vide 
    push @definitions, $def_for{$term} if 
$def_for{$term} ; 
   last DEFINITION ; 
  } 
   
  if (scalar @line_content > 1) { 
   
   my $definition = $def_for{"$term $line_content[0] 
$line_content[1]"} ? 
       
 $def_for{"$term $line_content[0] $line_content[1]"} : 
       
 $def_for{"$term $line_content[0]"} ? 
       
 $def_for{"$term $line_content[0]"} : 
       
 $def_for{$term} ? 
       
 $def_for{$term} : 
        undef ; 
    
   my $splice_offset = $def_for{"$term 
$line_content[0] $line_content[1]"} ? 
        2 : 
       
 $def_for{"$term $line_content[0]"} ? 
        1 : 
        0 ; 
 
    
   push @definitions, $definition if $definition; 
    
   splice (@line_content, 0 , $splice_offset); 
    
   ## @line_content 
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   next DEFINITION ; 
  } 
   
   
  my $definition =  $def_for{"$term $line_content[0]"} 
? 
      $def_for{"$term 
$line_content[0]"} : 
      $def_for{$term} ? 
      $def_for{$term} : 
      undef ; 
          
  push @definitions, $definition if $definition; 
   
  shift @line_content if $def_for{"$term $line_content[0]"}; 
 } 
 
push @{$ontology_for{$Acc}} , uniq(@definitions); 
 
 
} 
 
my ($basename, $dir, $suffix) = fileparse($ARGV{'--list'}, qr{\.[^.]*}xms); 
my $outfile = file($dir, ($basename . '.out')); 
 
#treat 
open my $out, '>', $outfile; 
 
print {$out} map { "$_\t" . (join ',' ,"'@{$ontology_for{$_}}'") . "\n" } 
keys %ontology_for ; 
 
close $out; 
 
 
__END__ 
 
=head1 USAGE 
  
$0 --dico=<dico> --list=<list> 
  
=head1 REQUIRED ARGUMENTS 
  
=over 
  
=item --list=<list> 
  
 Path to a file with a list to rename. 
  
=for Euclid: 
    list.type: readable 
  
=item --dico=<dico> 
  
 Path to a dico file 
  
=for Euclid: 
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    dico.type: readable 
  
=back 
 
=head1 OPTIONAL ARGUMENTS 
  
=over 
  
=item --version 
  
=item --usage 
  
=item --help 
  
=item --man 
  
 Print the usual program information 
  
=back 
 
=head1 AUTHOR 
 
Hiba JABRI, C<< <hiba.jabri at uliege.be> >> 
 
=head1 BUGS 
 
There are undoubtedly serious bugs lurking somewhere in this code. 
Bug reports and other feedback are most welcome. 
 
=head1 COPYRIGHT 
 
Copyright (c) 2018, Hiba JABRI. All Rights Reserved. 
This program is free software. It may be used, redistributed 
and/or modified under the terms of the Perl Artistic License 
(see http://www.perl.com/perl/misc/Artistic.html) 
 

 
Appendix 7 
 
-- Creator:       MySQL Workbench 6.3.10/ExportSQLite Plugin 0.1.0 
-- Author:        Hiba Jabri 
-- Project:       Name of the project 
-- Changed:       2020-01-24 11:34 
-- Created:       2019-08-06 11:11 
PRAGMA foreign_keys = OFF; 
 
-- Schema: BiotopeBac 
ATTACH "BiotopeBac.sdb" AS "BiotopeBac"; 
BEGIN; 
CREATE TABLE "BiotopeBac"."Description"( 
  "iddescreption" CHAR(20) PRIMARY KEY NOT NULL, 
  "pubmed" CHAR(250) DEFAULT NULL, 
  "doi" CHAR(200) DEFAULT NULL, 
  "description" VARCHAR(500) DEFAULT NULL, 
  "Host" VARCHAR(100) 
); 
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CREATE TABLE "BiotopeBac"."Taxons"( 
  "idtaxon" CHAR(20) PRIMARY KEY NOT NULL, 
  "kingdom" VARCHAR(100), 
  "phylum" VARCHAR(100), 
  "class" VARCHAR(100), 
  "order" VARCHAR(100), 
  "family" VARCHAR(100), 
  "genus" VARCHAR(100), 
  "species" CHAR(250) DEFAULT NULL, 
  "lineage" VARCHAR(500) DEFAULT NULL 
); 
CREATE TABLE "BiotopeBac"."Sequences"( 
  "idsequence" CHAR(50) PRIMARY KEY NOT NULL, 
  "iddescreption" CHAR(20) DEFAULT NULL, 
  "idtaxon" CHAR(20) DEFAULT NULL, 
  "seq" VARCHAR(2000) DEFAULT NULL, 
  CONSTRAINT "fk_SEQ_Source1" 
    FOREIGN KEY("iddescreption") 
    REFERENCES "Description"("iddescreption"), 
  CONSTRAINT "fk_SEQ_Taxon1" 
    FOREIGN KEY("idtaxon") 
    REFERENCES "Taxons"("idtaxon") 
); 
CREATE INDEX "BiotopeBac"."Sequences.fk_SEQ_Source1_idx" ON "Sequences" 
("iddescreption"); 
CREATE INDEX "BiotopeBac"."Sequences.fk_SEQ_Taxon1_idx" ON "Sequences" 
("idtaxon"); 
CREATE TABLE "BiotopeBac"."Wordsets"( 
  "idwordset" CHAR(100) PRIMARY KEY NOT NULL, 
  "definition" VARCHAR(500) DEFAULT NULL 
); 
CREATE TABLE "BiotopeBac"."Keywords"( 
  "idkeyword" CHAR(100) PRIMARY KEY NOT NULL, 
  "idwordset" CHAR(100) DEFAULT NULL, 
  CONSTRAINT "fk_Key_Word_SET1" 
    FOREIGN KEY("idwordset") 
    REFERENCES "Wordsets"("idwordset") 
); 
CREATE INDEX "BiotopeBac"."Keywords.fk_Key_Word_SET1_idx" ON "Keywords" 
("idwordset"); 
CREATE TABLE "BiotopeBac"."Sources"( 
  "Sequences_idsequence" CHAR(50) NOT NULL, 
  "Keywords_idkeyword" CHAR(100) NOT NULL, 
  PRIMARY KEY("Sequences_idsequence","Keywords_idkeyword"), 
  CONSTRAINT "fk_Sequences_has_Keywords_Sequences1" 
    FOREIGN KEY("Sequences_idsequence") 
    REFERENCES "Sequences"("idsequence"), 
  CONSTRAINT "fk_Sequences_has_Keywords_Keywords1" 
    FOREIGN KEY("Keywords_idkeyword") 
    REFERENCES "Keywords"("idkeyword") 
); 
CREATE INDEX 
"BiotopeBac"."Sources.fk_Sequences_has_Keywords_Keywords1_idx" ON 
"Sources" ("Keywords_idkeyword"); 
CREATE INDEX 
"BiotopeBac"."Sources.fk_Sequences_has_Keywords_Sequences1_idx" ON 
"Sources" ("Sequences_idsequence"); 
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COMMIT; 

 
Appendix 8: 

 
 
Appendix 9: 
#!/usr/bin/env perl 
 
use Modern::Perl '2011'; 
use autodie; 
 
use Getopt::Euclid qw(:vars); 
use Smart::Comments '###'; 
 
use Const::Fast; 
use List::AllUtils qw(all count_by); 
use Storable qw(lock_store lock_retrieve); 
 
use Bio::MUST::Core::Utils qw(:filenames); 
use aliased 'Bio::FastParsers::CdHit'; 
 
const my $STORABLE => '.storable'; 
const my $EPSILON  => 1e-10;            # needed for large $M 
 
 
### Processing TSV seq-tags file: $ARGV_seq_tags 
my $tags_for; 
my $tags_for_store = append_suffix($ARGV_seq_tags, $STORABLE); 
 
if (-e $tags_for_store) { 
    ### Loading from cache file: $tags_for_store 
    $tags_for = lock_retrieve $tags_for_store; 
} 
else { 
    open my $tag_in, '<', $ARGV_seq_tags; 
    while (my $line = <$tag_in>) {      ### Processing seqs |===[%] 
        chomp $line; 
        my ($acc, $tag_str) = split "\t", $line; 
        my @tags = split ',', $tag_str; 
        $tags_for->{$acc} = \@tags; 
    } 
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    ### Storing to cache file: $tags_for_store 
    lock_store $tags_for, $tags_for_store; 
} 
##### $tags_for 
 
 
### Processing CD-HIT cluster file: $ARGV_clusters 
my $report; 
my $report_store = append_suffix($ARGV_clusters, $STORABLE); 
 
if (-e $report_store) { 
    ### Loading from cache file: $report_store 
    $report = lock_retrieve $report_store; 
} 
else { 
    $report = CdHit->new( file => $ARGV_clusters ); 
    ### Storing to cache file: $report_store 
    lock_store $report, $report_store; 
} 
my @representatives = $report->all_representatives; 
 
### Collecting observations (bij) for representative seqs 
my @details; 
my @B; 
my %S; 
 
### $ARGV_binarize 
 
my $clus_id = 0; 
my $seq_n = 0; 
my $space = 0; 
 
for my $repr_id (@representatives) {    ### Collecting |===[%] 
    #### $clus_id 
    #### $repr_id 
    my $members = $report->members_for($repr_id); 
    my $clus_sz = @$members + 1; 
    #### $members 
    #### $clus_sz 
    $seq_n += $clus_sz; 
    my @tags = map { @{ $tags_for->{$_} } } $repr_id, @$members; 
    #### @tags 
    my $tag_n = @tags; 
    $space += $tag_n; 
    push @details, [ $clus_id++, $clus_sz, $repr_id, $tag_n ]; 
    my %count_for = count_by { $_ } @tags; 
    if ($ARGV_binarize) { 
        %count_for = map { $_ => 1 } keys %count_for; 
    } 
    #### %count_for 
    push @B, \%count_for; 
    $S{$_} += $count_for{$_} for keys %count_for; 
    #### %S 
} 
#### @B 
 
my $M = @B; 
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my @utags = sort keys %S; 
my $N = @utags; 
 
### $seq_n 
### $space 
 
### $M 
### $N 
 
### %S 
 
 
### Computing and storing cond probs (log Pij) to TSV outfile: $ARGV_outfile 
my @P; 
 
my $theta = 1 - $ARGV_error_rate; 
### $ARGV_error_rate 
### $theta 
 
open my $out, '>', $ARGV_outfile; 
say {$out} join "\t", qw(clus_id clus_sz repr_id tag_n),                @utags; 
say {$out} join "\t",    $M,     $seq_n, 'S',    $space, map { $S{$_} } 
@utags; 
 
my @sums; 
 
for (my $i = 0; $i < @B; $i++) {        ### Computing |===[%] 
    my @Pi = map { 
        ( (1 - $theta) / $M ) + ( $theta * ($B[$i]{$_} // 0) / $S{$_} ) 
    } @utags; 
    $sums[$_] += $Pi[$_] for 0..$#Pi; 
    @Pi = map { log $_ } @Pi; 
    say {$out} join "\t", @{ $details[$i] }, @Pi; 
    push @P, \@Pi; 
} 
#### @sums 
### assert: @P == $M 
### assert: @sums == $N 
### assert: all { abs(1 - $_ < $EPSILON) } @sums 
 
my $database = { 
    theta    => $theta, 
    binarize => $ARGV_binarize, 
    seq_n    => $seq_n, 
    space    => $space, 
    utags    => \@utags, 
    details  => \@details, 
    M  => $M, 
    N  => $N, 
    S  => \%S, 
    P  => \@P, 
}; 
 
my $database_store 
    = insert_suffix( change_suffix($ARGV_outfile, $STORABLE), '-database' 
); 
### Storing to cache file: $database_store 
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lock_store $database, $database_store; 
 
 
__END__ 
 
=head1 USAGE 
 
    build_seq_tag_probs.pl --seq-tags=<file> --clusters=<file> \ 
        --outfile=<file> [optional arguments] 
 
=head1 REQUIRED ARGUMENTS 
 
=over 
 
=item --seq-tags=<file> 
 
Path to input file with sequence => tag(s) pairs in TSV format. 
 
=for Euclid: 
    file.type: readable 
 
=item --clusters=<file> 
 
Path to input file with cluster => sequences(s) pairs in CD-HIT format. 
 
=for Euclid: 
    file.type: readable 
 
=item --outfile=<file> 
 
Path to TSV outfile (and database) with conditional probs for sequences 
given 
tags. 
 
=for Euclid: 
    file.type: writable 
 
=back 
 
=head1 OPTIONAL ARGUMENTS 
 
=over 
 
=item --error-rate=<n> 
 
Error rate (0 to 1) to be applied to observations when computing conditional 
probs [default: n.default]. Confidence (theta) will be derived as 1 - 
error-rate. 
 
=for Euclid: 
    n.type:    +number 
    n.default: 1e-9 
 
=item --binarize 
 
Build a purely binary database of conditional probs (still taking into 
account 
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--theta) [default: no]. Otherwise, tags attached to multiple sequences of 
a 
cluster are given more weight. 
 
=item --version 
 
=item --usage 
 
=item --help 
 
=item --man 
 
Print the usual program information 
 
=back 
 

 
Appendix 10: 
 
#!/usr/bin/env perl 
 
use Modern::Perl '2011'; 
use autodie; 
 
use Getopt::Euclid qw(:vars); 
use Smart::Comments '###'; 
 
use Const::Fast; 
use File::Basename; 
use List::AllUtils qw(sum max mesh bundle_by partition_by); 
use POSIX qw(log1p); 
use Storable qw(lock_store lock_retrieve); 
 
# should be fine considering small enough $N 
const my $EPSILON  => 1e-12; 
 
 
### Loading database from cache file: $ARGV_database 
my $database = lock_retrieve $ARGV_database; 
my ($theta, $binarize, $seq_n, $space, $utags, $M, $N, $S, $P, $details) 
    = @{$database}{ qw(theta binarize seq_n space utags M N S P details) 
}; 
 
### database properties 
### $seq_n 
### $space 
### $binarize 
### $theta 
### $M 
### $N 
### $S 
 
### configuration 
### $ARGV_split_tags 
### $ARGV_prior_type 
### $ARGV_max_read_n 
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### $ARGV_max_vote_n 
 
# (optionally) handle multiple ontologies 
my %tags_for                    # by ontology (or for all) 
    = $ARGV_split_tags 
    ? partition_by { (split '::')[0] } @$utags 
    :                (     'all'     => $utags ) 
; 
#### %tags_for 
my @onts = keys %tags_for; 
### @onts 
my $ont_n = @onts; 
### $ont_n 
 
 
### Computing tag priors (log Pe) 
 
my %num_for = map {                 # by tag 
       $_ => $ARGV_prior_type eq 'uniform' 
           ? 1                          # 1 tag  (equal weight) 
           : $S->{$_}                   # N obs for one tag 
} @$utags; 
#### %num_for 
 
my %sums_for = bundle_by {          # by ontology (or for all) 
    $_[0] => $ARGV_prior_type eq 'uniform' 
           ? scalar @{$_[1]}            # N tags (equal weight) 
           : sum @{$S}{ @{$_[1]} }      # N obs for tags 
} 2, %tags_for; 
#### %sums_for 
 
my %den_for  = bundle_by {          # by tag 
    map { $_ => $sums_for{$_[0]} } @{$_[1]} 
} 2, %tags_for; 
#### %den_for 
 
my %Pe = map { $_ => $num_for{$_} / $den_for{$_} } @$utags;     # by tag 
### assert: abs($ont_n - sum values %Pe) < $EPSILON 
   %Pe = map { $_ =>  log $Pe{$_}                } @$utags;     # log scale 
### %Pe 
 
 
# build indices 
# because Pij are ArrayRef[ArrayRef] 
my $i = 0; 
my %ridx_for = map { $_->[2] => $i++ } @$details; 
### assert: $i == $M 
my $j = 0; 
my %tidx_for = map { $_      => $j++ } @$utags; 
### assert: $j == $N 
 
#### %ridx_for 
#### %tidx_for 
 
 
my %posts_for; 
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for my $infile (@ARGV_infiles) { 
    ### Processing read mapping file: $infile 
 
    my %matches_for; 
    my $read_n = 0; 
    my $vote_n = 0; 
    my $curr_read = q{}; 
 
    open my $in, '<', $infile; 
 
    LINE: 
    while (my $line = <$in>) { 
        # skip header 
        next LINE if $line =~ m/^@/xms; 
 
        chomp $line; 
        my ($read, undef, $repr, $sam_fields) = split "\t", $line, 4; 
 
        # track unique read count... 
        # ... and stop when enough reads 
        if ($read ne $curr_read) { 
            last LINE if defined $ARGV_max_read_n 
                   && $read_n >= $ARGV_max_read_n; 
            $read_n++; 
            $curr_read = $read; 
         } 
 
        # skip unexact matches (for now) 
        next LINE unless $sam_fields =~ m/\b MD:Z: \d+ \b/xms; 
 
        # fetch representative seq for aligned read 
        $vote_n++; 
        push @{ $matches_for{$read} }, $repr; 
 
        # stop when enough votes 
        last LINE if defined $ARGV_max_vote_n 
               && $vote_n >= $ARGV_max_vote_n; 
    } 
 
    #### %matches_for 
 
    my %product_for = %Pe;          # by tag 
    my $alig_n = 0; 
 
    while (my ($read, $matches) = each %matches_for) { 
        for my $repr_id (@$matches) {    # in case of multiple exact matches 
            my $ridx = $ridx_for{$repr_id}; 
            $product_for{$_} += $P->[ $ridx ][ $tidx_for{$_} ] for @$utags; 
        }   # sum of log P (joint P for sample seqs) 
        $alig_n++; 
    } 
    #### %product_for 
 
    ### $read_n 
    ### $alig_n 
    ### $vote_n 
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    # compute marginal likelihood (in log scale) 
    # (optionally) handle multiple ontologies 
    my %sums_for = bundle_by {      # by ontology 
        $_[0] => lse_all( @product_for{ @{$_[1]} } ) 
    } 2, %tags_for; 
    #### %sums_for 
    my %sum_for  = bundle_by {      # by tag 
        map { $_ => $sums_for{$_[0]} } @{$_[1]} 
    } 2, %tags_for; 
    #### %sum_for 
 
    # compute log posteriors using Bayes' theorem 
    my %post_for = bundle_by {      # by tag 
        $_[0] => $_[1] - $sum_for{$_[0]} 
    } 2, %product_for; 
    #### %post_for 
 
    # store log posteriors for sample 
    my ($sample) = fileparse( $infile, qr/\.sam$/xms ); 
    $posts_for{$sample} = { 
        read_n => $read_n, 
        alig_n => $alig_n, 
        vote_n => $vote_n, 
        map { $_ => $post_for{$_} // 'NA' } @$utags     # no NA if priors 
    }; 
 
} 
 
 
### Storing posterior probs to TSV outfile: $ARGV_outfile 
 
my @samples = sort keys %posts_for; 
my @columns = ( qw(read_n alig_n vote_n), @$utags ); 
 
open my $out, '>', $ARGV_outfile; 
say {$out} join "\t", ('sample', @columns); 
 
for my $sample (@samples) { 
    say {$out} join "\t", $sample, 
        map { $posts_for{$sample}{$_} } @columns; 
} 
 
 
# from: https://stats.stackexchange.com/questions/379335/adding-very-
small-probabilities-how-to-compute 
sub lse { 
    my $l1 = shift; 
    my $l2 = shift; 
    return max($l1, $l2) + log1p(exp(-abs($l1-$l2))); 
} 
 
sub lse_all { 
    my $l1 = shift; 
    while (my $l2 = shift) { 
        $l1 = lse($l1, $l2); 
    } 
    return $l1; 
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} 
 
__END__ 
 
=head1 USAGE 
 
    comp_tag_probs_in_samples.pl <infiles> --database=<file> --
outfile=<file> \ 
         [optional arguments] 
 
=head1 REQUIRED ARGUMENTS 
 
=over 
 
=item <infiles> 
 
Path to input SAM files [repeatable argument]. 
 
=for Euclid: 
    infiles.type: readable 
    repeatable 
 
=item --database=<file> 
 
Path to input database (cache) file. 
 
=for Euclid: 
    file.type: readable 
 
=item --outfile=<file> 
 
Path to TSV outfile with posterior probs for tags given sample seqs. 
 
=for Euclid: 
    file.type: writable 
 
=back 
 
=head1 OPTIONAL ARGUMENTS 
 
=over 
 
=item --prior-type=<str> 
 
Type of tag priors to use [default: str.default]. The following types are 
available: 
 
    - database (priors computed from tag distribution in database) 
    - uniform  (flat priors computed as 1/N) 
 
=for Euclid: 
    str.type:    /database|uniform/ 
    str.type.error: <str> must be one of database or uniform (not str) 
    str.default: 'uniform' 
 
=item --split-tags 
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Consider tags as belonging to distinct ontologies [default: no]. 
Ontology-aware tags are encoded as C<Ont::Tag>. Enabling this option also 
affects the way tag priors are computed. 
 
=item --max-read-n=<n> 
 
Maximum number of input reads (aligned or not) to process [default: 
n.default]. 
 
=for Euclid: 
    n.type: +number 
 
=item --max-vote-n=<n> 
 
Maximum number of votes (= read mappings) to process [default: n.default]. 
This number can grow faster than the number of aligned reads when multiple 
mappings per read are allowed in the SAM file(s). 
 
=for Euclid: 
    n.type: +number 
 
=item --version 
 
=item --usage 
 
=item --help 
 
=item --man 
 
Print the usual program information 
 
=back 

 
Appendix 11: 

Determining the environment of a DNA sample from a database (March 4, 2020) 

Let suppose a list of M different DNA sequences s1…. sM and a list of N different environments 
e1…. eN be considered. An array B can link a sequence to an environment if the sequence was 
found in it, written as 

 
with bij = 0 (resp. 1) if the sequence i was not found (resp. was found) in the environment j. One 
of the rows of B correspond to one DNA sequence and one of its columns to one environment. 
Let Sj be the number of sequences found in the environment ej , i.e. 

 
Let an array P be written as 

(1) 

(2) 
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With pij = P(si|ej ), the probability that a sequence si is found in a sample taken from the 
environment ej . The column [p1j … pMj]T therefore defines a probability distribution function. 
In other words, 

 
If q = 1, there is an absolute confidence in B and the hypothesis is made that finding any 
sequence that has been found in environment ej is equiprobable and finding any sequence that 
has not been found in ej has null probability: 

 
If q = 0, there is absolutely no confidence in B and finding any sequence in the environment is 
considered equiprobable: 

 
The conditional probability P (e | s) was calculated from the Bayes theorem using the following 
statement 

 
Let a new sample be considered. In it, the sequence s1* is detected. One can compute P (e_j | 
s1*), the probability that the sample was taken in the environment ej given that the sequence s1* 
has been detected. Bayes theorem states that  

 

P (s_1*|e_j) can be found in the array P as the element p_1j. One can express the total 
probability of finding sequence s1* in any environment 

 
Combining Eqs 8 and 9 gives  

 

(5) 

(6) 

(3) 

(4) 

(7) 

(8) 

(9) 

(10) 
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If nothing is known about the environment in which the new sample has been taken, the 
hypothesis is made that the probability of having taken the sample in any environment is 
constant. 

 
Finally,  

 
Finally, the probability of finding every sample independently from the environment is 

 
 
Appendix 12: 

#!/usr/bin/env perl 
# V0.0.8 
# added --no_blast ARGUMENT, in case the blast report already done 
#  unlink $infile from @filenamelist after blast job 
#  new version of blast results parsing - head Accession based 
#  with corresponding new functions... details pending 
#    --sourcetracking functions to create source 
field in output 
#   sourcetracking module created 
use Modern::Perl '2011'; 
use autodie; 
 
use Getopt::Euclid; 
use Smart::Comments '###'; 
use Template; 
use File::Basename; 
use Path::Class 'file'; 
 
use Tie::IxHash; 
use File::Temp; 
use List::AllUtils qw( pairwise uniq mesh any first); 
 
use BAF::FastaFile qw(:io); 
use BAF::CountFile qw(:io); 
use BAF::TaxFile qw(:io); 
use BAF::BlastAnalyse qw(:io); 
use BAF::sourcetracking_flag qw(:io); ## code of this function is provided 
 
#### Arguments: %ARGV 
### reading mismatch: $ARGV{'--mismatch'} 
### Reading infile: $ARGV{'<infile>'} 
### no blast argument: $ARGV{'--no_blast'} 
### sourcetracking : $ARGV{'--sourcetracking'} 
### list_acc : $ARGV{'--list'} 
 

(11) 

(12) 

(13) 
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# need only $seq_for, $infile 
my $seq_for = read_fasta($ARGV{'<infile>'}); 
 
### Reading infile: $ARGV{'--tax-file'} 
my $tax_for = read_taxonomy($ARGV{'--tax-file'}); 
 
### Reading infile: $ARGV{'--count-file'} 
my ($count_for, @label_samples) = read_count($ARGV{'--count-file'}); 
 
my $source_file = 
'/Users/dda/Documents/DATABASES/sourcetracking/Flag_sources.txt'; 
#my $source_file = 
'/Users/dda/Documents/DATABASES/sourcetracking/Acc_id_source.txt'; 
my $source_for = read_source($source_file) if $ARGV{'--sourcetracking'}; 
#### %$source_for: %$source_for 
 
my $max_target_seqs = $ARGV{'--max_target'}; 
my $pgm = 'blastn'; # in my program, no other BLAST program can be used 
# my $refile is the path to either silva128 or further ref datafile. 
#'128' => 
'/Users/dda/Documents/DATABASES/SilvaDB/SILVA_128_SSU.FINAL.fasta' 
my %version_for = ( 
 '128' => 
'/Users/dda/Documents/DATABASES/SilvaDB/SILVA_128_SSU.FINAL.fasta', 
 'test' => 
'/Users/bernard_taminiau_1/Documents/BD_DATA/BIO_INFO/Cours_perl/mod_perl
/bd_temp.txt', 
 '132' => 
'/Users/dda/Documents/DATABASES/SilvaDB/SILVA_128_SSU.FINAL.fasta', 
 '138' => 
'/Users/dda/Documents/DATABASES/SilvaDB/SILVA_138/SILVA_138_SSURef_tax_si
lva_trunc.DB.FINAL.fasta', 
 'ITS' => 
'/Users/dda/Documents/DATABASES/UNITE/V8/BLAST/UNITE_public_mothur_full_a
ll_02.02.2019.treated.fasta', 
 '26S'=> 
'/Users/dda/Documents/DATABASES/silva_28S/LSU_132.tax.nr.filter.ng.fasta'
, 
); 
 
my $refile = $version_for{$ARGV{'--ref-file-version'}}; 
### $refile 
### read Ref_taxonomy for species assignement 
my $taxheader_for = read_reftaxonomy($refile); 
 
my $report = "report.blast.sfmt6"; 
 
#my $blast_status = $ARGV{'--no_blast'}; 
my $noblast_status = $ARGV{'--no_blast'} ? '1' : '0'; 
### $noblast_status: $noblast_status 
if ($noblast_status == '0') { 
 # define command template 
 # pay attention that multiple report will be passed to parser as 
FASTA is likely to be splitted every 100 sequences. 
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 # Therefore, no need to label $report with different names, each 
time $report will smashed by the previous one. 
 
 my $template = <<'EOT'; 
 [% pgm %] -query [% infile %] -db [% refile %] -outfmt '6 qacc sacc 
mismatch bitscore ' -num_threads 28 -max_target_seqs [% max_target_seqs %] 
-max_hsps 1 >> [% report %] 
EOT 
 
 my @filenamelist = write_tmp_fasta($seq_for); 
 ### Performing BLAST... 
 
 while (my $infile = shift @filenamelist) { 
 
  # build command 
  my %vars = ( 
   pgm => $pgm, 
   infile => $infile, 
   refile => $refile, 
   report => $report, 
   max_target_seqs => $max_target_seqs, 
 
  ); 
  my $command; 
  my $tt = Template->new; 
  $tt->process(\$template, \%vars, \$command); 
  #### $command 
 
  system($command); 
  unlink $infile; 
 } 
} 
 
### Parsing BLAST report version 1... 
 
my $parser = get_BAF_parser($report); 
 
my %species_for; 
my %hid_for; 
my $curr_otu = q{}; 
my $skip_otu = q{}; 
my $curr_bitscore = q{}; 
my @hidlist = (); 
my $chimeric_status = 'NA'; 
 
HSP: 
while ( my $hsp_ref = $parser->() ) { 
 
 my ($qid, $hid, $mismatches, $bitscore) = @{ $hsp_ref }{ qw(query_id 
hit_id mismatches bitscore) }; 
 $hid = $hid =~ s/\|.*//r; 
 
 next HSP if $skip_otu eq $qid; # skip next hit for same OTU 
 if ($curr_otu ne $qid){ # next OTU 
 
  if (@hidlist) { 
   my $nearest_hit = join "/", @hidlist ; 
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   my $species = get_species($taxheader_for, 
\@hidlist); 
   $species_for{ $curr_otu } = { 
    species => $species, 
    chimeric_status => $chimeric_status, 
    nearest_hit => $nearest_hit =~ 
s/\.\d+\.\d+//gr, 
   }; 
  } 
  @hidlist = (); 
  if ($mismatches > $ARGV{'--mismatch'}) { # Hit non identique 
   $curr_bitscore = q{}; 
   $chimeric_status = 'NA'; 
   $skip_otu = $qid; # to skip next hit for same 
OTU 
 
   # compute $species value 
   my $species = %$tax_for{$qid}->{genus} ."_" . 
"$qid"; 
   # compute chimeric status 
   $chimeric_status = 'chimeric' if $bitscore <= 
$ARGV{'--chimeric'}; 
   # capture species and chimeric values for OTU 
 
   $species_for{ $qid } = { 
    species => $species, 
    chimeric_status => $chimeric_status, 
    nearest_hit => $hid , 
   }; 
   next HSP; 
  } 
  $chimeric_status = 'NA'; 
  $curr_otu = $qid; 
  $curr_bitscore = $bitscore; 
 
  # compute chimeric status 
  $chimeric_status = 'chimeric' if $bitscore <= $ARGV{'--
chimeric'}; 
  # stock hid until species computation 
  push @hidlist, $hid; 
  next HSP; 
 } 
 
 # $curr_otu eq $qid ie 2nd and following hits for same OTU 
 if  ($curr_bitscore eq $bitscore) { # second hid has the same 
bitscore, showing redundancy 
 
  push @hidlist, $hid; 
 
  next HSP; 
 
 } 
 
 my $nearest_hit = join "/", @hidlist ; 
 
 # $bitscore lower than $curr_bitscore 
 # compute $species value 
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 my $species = get_species($taxheader_for, \@hidlist); 
 # capture species and chimeric values for OTU 
 $species_for{ $qid } = { 
  species => $species, 
  chimeric_status => $chimeric_status, 
  nearest_hit => $nearest_hit, 
 }; 
 $curr_bitscore = q{}; 
 @hidlist = (); 
 $chimeric_status = 'NA'; 
 $skip_otu = $qid; 
} 
if (@hidlist) { 
 my $nearest_hit = join "/", @hidlist ; 
 
 my $species = get_species($taxheader_for, \@hidlist); 
 $species_for{ $curr_otu } = { 
  species => $species, 
  chimeric_status => $chimeric_status, 
  nearest_hit => $nearest_hit, 
 }; 
} 
 
my ($basename, $dir, $suffix) = fileparse($ARGV{'<infile>'}, 
qr{\.[^.]*}xms); 
my $outfile = file($dir, $basename . '.parsed.txt'); 
 
### Writing report 1 
 
open my $out, '>', $outfile; 
 
say {$out} 
"Kingdom\tPhylum\tClass\tOrder\tFamily\tGenus\tSpecies\tOTU_label\tchimer
a\tnearestID\t" . join "\t", @label_samples; 
 
my @keylist = keys %$seq_for; 
while (my $Otu = shift @keylist) { 
 my $Kingdom = %$tax_for{$Otu}->{kingdom}; 
 my $Phylum = %$tax_for{$Otu}->{phylum}; 
 my $Class = %$tax_for{$Otu}->{class}; 
 my $Order = %$tax_for{$Otu}->{order}; 
 my $Family = %$tax_for{$Otu}->{family}; 
 my $Genus = %$tax_for{$Otu}->{genus}; 
 my $Species = $species_for{$Otu}->{species} ? $species_for{$Otu}-
>{species} : "no_hit"; 
 my $chimera = $species_for{$Otu}->{chimeric_status}? 
$species_for{$Otu}->{chimeric_status} : "chimeric"; 
 my $nearest_hit = $species_for{$Otu}->{nearest_hit}? 
$species_for{$Otu}->{nearest_hit} : "NA"; 
 my $counts = %$count_for{$Otu}; 
 
 say {$out} join "\t", $Kingdom, $Phylum, $Class, $Order, $Family, 
$Genus, $Species, $Otu, $chimera, $nearest_hit, @{$counts}; 
 
} 
 
### Parsing BLAST report version 2... 
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my $headOTU_for = get_hid_matrix($report, $ARGV{'--mismatch'}); 
 
#### OUTPUT_2 
my $outfile2 = file($dir, $basename . '.digested.txt'); 
 
### Writing report 2 
open $out, '>', $outfile2; 
#open my $out_acc, '>', $ARGV{'--list'}; 
 
say {$out} 
"Kingdom\tPhylum\tClass\tOrder\tFamily\tGenus\tSpecies\tlist_Accession\tO
TU_label\tbitscore\tSource_tracking\t" . join "\t", @label_samples; 
 
my @list_key = sort keys %$headOTU_for; 
#### %$headOTU_for: %$headOTU_for 
 
while (my $head_accession = shift @list_key) { 
 #### $head_accession: $head_accession 
 my $head_OTU = %$headOTU_for{$head_accession}->{head_OTU}; 
 #### $head_OTU: $head_OTU 
 my $head_mismatch = %$headOTU_for{$head_accession}-
>{head_mismatch}; 
 my @hidlist = @{ %$headOTU_for{$head_accession}->{Accession_list}}; 
 #test: $source = get.source($source_for,\@hidlist) 
 ## @hidlist: @hidlist 
 my @Otulist = @{ %$headOTU_for{$head_accession}->{OTU_list}}; 
 my $firstOTU = shift @Otulist; 
 
 #generate sum of counts 
 my @counts= @{%$count_for{$firstOTU}}; 
 
 # could cook a function instead 
 COUNTGREP: 
 for my $cc (@Otulist) { 
  my @tmp_count = @{%$count_for{$cc}}; 
  @counts = pairwise { $a + $b } @counts, @tmp_count; 
 } 
 
 my $list_acc = join "/", @hidlist; 
 
 #generate Taxonomy for $head_accession 
 my $Kingdom = %$tax_for{$head_OTU}->{kingdom}; 
 my $Phylum = %$tax_for{$head_OTU}->{phylum}; 
 my $Class = %$tax_for{$head_OTU}->{class}; 
 my $Order = %$tax_for{$head_OTU}->{order}; 
 my $Family = %$tax_for{$head_OTU}->{family}; 
 my $Genus = %$tax_for{$head_OTU}->{genus}; 
 my $Species = get_species_V2($taxheader_for, \@hidlist, $head_OTU, 
$head_mismatch, $ARGV{'--mismatch'}); 
 ## @hidlist: @hidlist 
 
 my $Source_tracking = 'unknown_source'; 
 $Source_tracking = get_source($source_for,\@hidlist, 
$head_mismatch, $ARGV{'--mismatch'}) if $ARGV{'--sourcetracking'}; 
 ## @hidlist: @hidlist 
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 say {$out} join "\t", $Kingdom, $Phylum, $Class, $Order, $Family, 
$Genus, $Species, $list_acc, $head_OTU, %$headOTU_for{$head_accession}-
>{bitscore}, $Source_tracking, @counts; 
 
} 
 
#### OUTPUT_3 
my $outfile3 = file($dir, $basename . '.source.txt'); 
 
### Writing report 3 
open $out, '>', $outfile3; 
 
say {$out} "Sources\t" . "Genus\t" . join "\t", @label_samples ; 
#say {$out} "Sources\t" . join "\t", @label_samples . "Genus" 
## %$tax_for : %$tax_for 
 
 
my @list_head_accessions = sort keys %$headOTU_for; 
 
my %occurence_for; # occurence for source 
 
while (my $head_accession = shift @list_head_accessions) { 
 #### $head_accession: $head_accession 
 my $head_mismatch = %$headOTU_for{$head_accession}-
>{head_mismatch}; 
 my @hidlist = @{ %$headOTU_for{$head_accession}->{Accession_list}}; 
 my $head_OTU = %$headOTU_for{$head_accession}->{head_OTU}; 
 ## $head_OTU 
 my $Genus = %$tax_for{$head_OTU}->{genus}; 
 ## $Genus 
 
 #build list of sources for head_accession 
 my $Source_tracking = get_source($source_for,\@hidlist, 
$head_mismatch, $ARGV{'--mismatch'}); 
 #### $head_accession 
 #### $Source_tracking 
 
 
 #generate sum of counts for head_accession 
 my @Otulist = @{ %$headOTU_for{$head_accession}->{OTU_list}}; 
 ## @Otulist 
 my $firstOTU = shift @Otulist; 
 my @counts= @{%$count_for{$firstOTU}}; 
 ## $firstOTU 
 ## @counts 
 
 
 
 # could cook a function instead 
 
 for my $cc (@Otulist) { 
  my @tmp_count = @{%$count_for{$cc}}; 
  @counts = pairwise { $a + $b } @counts, @tmp_count; 
 
 } 
 
 if ($occurence_for{$Source_tracking}) { 
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  my @tmp_count = @{$occurence_for{$Source_tracking}-
>{count}}; 
  @counts= pairwise { $a + $b } @counts, @tmp_count; 
 } 
 @{$occurence_for{$Source_tracking}->{count}} = @counts; 
 
 push @{$occurence_for{$Source_tracking}->{genus}}, $Genus; 
 
 
} 
## %occurence_for 
 
 
my @list_sources = sort keys %occurence_for; 
while (my $source = shift @list_sources) { 
 my $genus = join "|", uniq(@{$occurence_for{$source}->{genus}}); 
 say {$out} join "\t", $source, $genus,  @{$occurence_for{$source}-
>{count}} ; 
} 
#### OUTPUT_4 
my $outfile4 = file($dir, $basename . '.source_uniq.txt'); 
my $outfile5 = file($dir, $basename . '.source_uniq_binaire.txt'); 
 
### Writing report 4 
open $out, '>', $outfile4; 
open my $out1, '>', $outfile5; 
say {$out} "Sources\t" . join "\t", @label_samples; 
say {$out1} "Sources\t" . join "\t", @label_samples; 
 
@list_head_accessions = sort keys %$headOTU_for; 
 
my %totalcount_for; # occurence for source 
 
while (my $head_accession = shift @list_head_accessions) { 
 #### $head_accession: $head_accession 
 my $head_mismatch = %$headOTU_for{$head_accession}-
>{head_mismatch}; 
 my @hidlist = @{ %$headOTU_for{$head_accession}->{Accession_list}}; 
 
 
 #build list of sources for head_accession 
 #generate sum of counts for head_accession 
 my @Otulist = @{ %$headOTU_for{$head_accession}->{OTU_list}}; 
 my $firstOTU = shift @Otulist; 
 my @counts= @{%$count_for{$firstOTU}}; 
 # could cook a function instead 
 for my $cc (@Otulist) { 
  my @tmp_count = @{%$count_for{$cc}}; 
  @counts = pairwise { $a + $b } @counts, @tmp_count; 
 } 
 #### @counts 
 
 my $Source_tracking = get_source($source_for,\@hidlist, 
$head_mismatch, $ARGV{'--mismatch'}); 
 #### $Source_tracking 
 my @Keywordset = split qr/\|/xms, $Source_tracking; 
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 #### @Keywordset 
 
 KEY: 
 while (my $keyword = shift @Keywordset) { 
 #### $keyword 
  if ($totalcount_for{$keyword}) { 
   #### $keyword 
   my @tmp_count = @{$totalcount_for{$keyword}}; 
   my @specific_count = @counts; 
   @specific_count = pairwise { $a + $b } 
@specific_count, @tmp_count; 
   @{$totalcount_for{$keyword}} = @specific_count; 
   next KEY; 
  } 
 
  @{$totalcount_for{$keyword}} = @counts; 
  #### %totalcount_for 
 } 
 
} 
 
@list_sources = sort keys %totalcount_for; 
 
while (my $source = shift @list_sources) { 
 
 if  (@{$totalcount_for{$source}}){ 
 
 my @binaire_count = @{$totalcount_for{$source}}; 
## @binaire_count 
 
 
  $_ eq 0 and $_ = '0' for  @binaire_count ; 
   $_ ne 0 and $_ = '1' for  @binaire_count ; 
 
  say {$out1} join "\t", $source,  @binaire_count ; 
 
 } 
 
 say {$out} join "\t", $source,  @{$totalcount_for{$source}}; 
 
} 
 say "End of this analyse ... this is it  :)" ; 
 
### done 
 
 
sub get_species_V2 { 
  my $taxheader_for = shift; 
  my $hidlist = shift; 
 
  my $head_OTU = shift; 
  my $head_mismatch = shift; 
  my $mismatch_cutoff = shift; 
  my $species_value = undef; 
  $species_value = $head_OTU if $head_mismatch > 
$mismatch_cutoff; #non identical OTU 
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  unless ($species_value) { 
 
   my @species_list; 
 
   speciesHIT: 
   for my $hid (@$hidlist){ 
    my $species = %$taxheader_for{$hid}; 
    next speciesHIT if $species =~ 
qr{uncultured_bacterium}; 
    push @species_list, $species; 
   } 
 
   $species_value = join "/", uniq(@species_list); 
   #### $head_OTU 
   #### $species_value: $species_value 
   # if $species_value is still undef 
   $species_value = join "/", @$hidlist unless 
$species_value; 
   #### $species_value: $species_value 
 
  } 
 
  return $species_value; 
} 
 
sub get_Hotu_count { 
  my $headOTU_for = shift; 
  my $count_for = shift; 
  my $head_accession = shift; 
 
  my @Otulist = @{ %$headOTU_for{$head_accession}-
>{OTU_list}}; 
  my $firstOTU = shift @Otulist; 
 
  my @counts= @{%$count_for{$firstOTU}}; 
 
  COUNTGREP: 
  for my $cc (@Otulist) { 
   my @tmp_count = @{%$count_for{$cc}}; 
   @counts = pairwise { $a + $b } @counts, @tmp_count; 
  } 
 return @counts; 
} 
 
 
=head1 NAME 
 
BAF_anablast.pl 
 
=head1 VERSION 
 
 This documentation refers to annotate version 0.0.2 
 
=head1 USAGE 
 
 BAF_anablast.pl <infile> --tax-file <infile> --count-file [=] 
<infile> --ref-file-version <string> [options] --list 
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=head1 REQUIRED ARGUMENTS 
 
=over 
 
=item <infile> 
 
 Path to input FASTA file. 
 
=for Euclid: 
 infile.type: readable 
 
=item --tax-file [=] <infile> 
 
 Path to cons TAXONOMY file. 
 
=item --count-file [=] <infile> 
 
 Path to cons count file. 
 
=for Euclid: 
 infile.type: readable 
 
=item --count-file [=] <infile> 
 
  Path to MOTHUR OTU count_table file. 
 
=for Euclid: 
  infile.type: readable 
 
=item --ref-file-version [=] <string> 
 
 version of the reference database to use [default: string.default]. 
 
The supported fields specifiers are: 
 
 128 means SILVA SSU 1.28 for 16S 
 
 132 means SILVA SSU 1.32 for 16S 
 
 ITS means UNITE for ITS 
 
 26S means SILVA LSU 1.32 for 26S 
 
 test for debugging 
 
=for Euclid: 
  string.type: string 
  string.default: 128 
 
=back 
 
=head1 OPTIONS 
 
=over 
 
=item --mismatch [=] <integer> 
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 Mismatch threshold for declaring hit as identical [default: 
integer.default]. 
 
=for Euclid: 
 integer.type: +integer 
 integer.default: 5 
 
=item --max_target [=] <integer> 
 
  maximun target sequences hits [default: integer.default]. 
 
=for Euclid: 
 integer.type: +integer 
 integer.default: 100 
 
=item --chimeric [=] <score> 
 
 Bitscore threshold for declaring hit as likely chimeric [default: 
score.default]. 
 
=for Euclid: 
 score.type: +integer 
 score.default: 500 
 
=item --no_blast 
 
 use yes if blast report is already done and you want to skip 
directely to parsing results. [Default: no]. 
 
=item --sourcetracking 
 
 use argument if source tracking for identical accession is needed. 
[Default: no]. 
=item --list [=] <outfile> 
 
=for Euclid: 
  outfile.type: writeable 
 
=item --usage 
 
=item --help 
 
=item --man 
 
 Print the usual program information 
 
=back 
 
=head1 AUTHOR 
 
 Bernard Taminiau & Hiba JABRI (bernard.taminiau@uliege.be) 
 
=head1 BUGS 
 
 There are undoubtedly serious bugs lurking somewhere in this code. 
 Bug reports and other feedback are most welcome. 
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=head1 COPYRIGHT 
 
 Copyright (c) 2013, Bernard Taminiau. All Rights Reserved. 
 This program is free software. It may be used, redistributed 
 and/or modified under the terms of the Perl Artistic License 
 (see http://www.perl.com/perl/misc/Artistic.html) 
 

 

Appendix 13: 

package BAF::sourcetracking_flag; 
 
use Modern::Perl '2011'; 
use autodie; 
use List::AllUtils qw( uniq ); 
use Template; 
use DBI; 
 
 
use Exporter::Easy ( 
 OK => [ qw(:io) ], 
 TAGS => [ 
  io => [ qw(read_source get_source) ], 
 ], 
); 
 
=head1 NAME 
 
BAF::sourcetracking_flag - The great new BAF::sourcetracking! 
 
=head1 VERSION 
 
Version 0.02 
 
=cut 
 
our $VERSION = '0.02'; 
 
 
=head1 SYNOPSIS 
 
Quick summary of what the module does. 
 
Perhaps a little code snippet. 
 
    use BAF::sourcetracking_flag; 
 
    my $foo = BAF::sourcetracking->new(); 
    ... 
 
=head1 EXPORT 
 
A list of functions that can be exported.  You can delete this section 
if you don't export anything, such as for a purely object-oriented module. 
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=head1 SUBROUTINES/METHODS 
 
=head2 read_source 
 
  Read a source tracking file containing the source keywords associated to 
NCBI accessions ids. 
  Return a reference to a hash of arrays containing accession/keywords 
pairs. 
 
=cut 
 
sub read_source{ 
 my %source_for; 
 #my $dbfile = 
"/Users/dda/Documents/DATABASES/Source_DATABASES/MyHOST_METAV4.sdb"; 
 my $dbfile = 
"/Volumes/Talvza_Pegasus/DOSSIER_HIBA_J/Source_DATABASES/BiotopeBac/Bioto
peBac.sdb"; 
 my $dbh = DBI->connect("DBI:SQLite:dbname=$dbfile","","", { 
RaiseError => 1 }) 
  or die $DBI::errstr; 
  print "Opened database successfully\n"; 
 
 my $stmt = qq(select Sequences_idsequence, idwordset from Sources, 
Keywords where idkeyword = Keywords_idkeyword;); 
 my $sth = $dbh->prepare( $stmt ); 
 my $rv = $sth->execute() or die $DBI::errstr; 
 
 if($rv < 0) { 
   print $DBI::errstr; 
 } 
 
 while(my @row = $sth->fetchrow_array()) { 
  my $Accession = $row[0]; 
  my $Keywordset = $row[1]; 
  push @{$source_for{$Accession}}, $Keywordset; 
 
  } 
 return \%source_for; 
} 
 
=head2 get_source 
 
read a reference to source Hash and a list of NCBI Accession and return a 
scalar containg the dereplicated list of source keywords. 
 
=cut 
 
sub get_source { 
 my $source_for = shift; 
 my $hidlist = shift; 
 my $head_mismatch = shift; # mismatch value for head OTU blast 
best hit 
 my $mismatch_cutoff = shift; #$ARGV{'--mismatch'} from 
BAF_anablast.pm 
 



 

 216 

 my $source_valeur = undef; 
 $source_valeur = 'Not_identical_OTU' if $head_mismatch > 
$mismatch_cutoff; #non identical OTU 
 
 unless ($source_valeur) { 
 
 
  my @source; 
 
  source: 
  for my $hid (@$hidlist) { 
#   $hid = $hid =~ s/\.\d+\.\d+//gr; 
   next source unless (%$source_for{$hid}); 
 
   #old_command 
   for my $keyword (@{%$source_for{$hid}}){ 
 
    #for my $keyword (%$source_for{$hid}){ 
    push @source, $keyword; 
   } 
  } 
  #trier et uniq le @source 
  my @source_lc = sort (@source); 
  $source_valeur = join "|", uniq(@source_lc); 
  ### $source_valeur: $source_valeur 
  $source_valeur = "uknown_source" unless $source_valeur; 
 
 } 
 
 
 return $source_valeur; 
} 
 
=head1 AUTHOR 
 
Hiba Jabri, C<< <hiba.jabri at uliege.be> >> 
 
=head1 BUGS 
 
Please report any bugs or feature requests to C<bug-baf-sourcetracking at 
rt.cpan.org>, or through 
the web interface at 
L<https://rt.cpan.org/NoAuth/ReportBug.html?Queue=BAF-sourcetracking>.  I 
will be notified, and then you'll 
automatically be notified of progress on your bug as I make changes. 
 
 
 
 
=head1 SUPPORT 
 
You can find documentation for this module with the perldoc command. 
 
    perldoc BAF::sourcetracking 
 
 
You can also look for information at: 
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=over 4 
 
=item * RT: CPAN's request tracker (report bugs here) 
 
L<https://rt.cpan.org/NoAuth/Bugs.html?Dist=BAF-sourcetracking> 
 
=item * AnnoCPAN: Annotated CPAN documentation 
 
L<http://annocpan.org/dist/BAF-sourcetracking> 
 
=item * CPAN Ratings 
 
L<https://cpanratings.perl.org/d/BAF-sourcetracking> 
 
=item * Search CPAN 
 
L<https://metacpan.org/release/BAF-sourcetracking> 
 
=back 
 
 
=head1 ACKNOWLEDGEMENTS 
 
 
=head1 LICENSE AND COPYRIGHT 
 
This software is Copyright (c) 2019 by Hiba Jabri. 
 
This is free software, licensed under: 
 
  The Artistic License 2.0 (GPL Compatible) 
 
 
=cut 
 
1; # End of BAF::sourcetracking 
 

 

Appendix 14: 

package BAF::sourcetracking; 
 
use Modern::Perl '2011'; 
use autodie; 
use List::AllUtils qw( uniq ); 
 
 
 
use Exporter::Easy ( 
 OK => [ qw(:io) ], 
 TAGS => [ 
  io => [ qw(read_source get_source) ], 
 ], 
); 
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=head1 NAME 
 
BAF::sourcetracking - The great new BAF::sourcetracking! 
 
=head1 VERSION 
 
Version 0.02 
 
=cut 
 
our $VERSION = '0.02'; 
 
 
=head1 SYNOPSIS 
 
Quick summary of what the module does. 
 
Perhaps a little code snippet. 
 
    use BAF::sourcetracking; 
 
    my $foo = BAF::sourcetracking->new(); 
    ... 
 
=head1 EXPORT 
 
A list of functions that can be exported.  You can delete this section 
if you don't export anything, such as for a purely object-oriented module. 
 
=head1 SUBROUTINES/METHODS 
 
=head2 read_source 
 
  Read a source tracking file containing the source keywords associated to 
NCBI accessions ids. 
  Return a reference to a hash of arrays containing accession/keywords 
pairs. 
 
=cut 
 
sub read_source{ 
 my $infile = shift; 
 open my $in, '<', $infile; 
 my %source_for; 
 while (my $line = <$in>){ 
  chomp $line, 
  my ($Acc, @sources) = split /[\|,]/xms, $line; 
  for my $source (@sources) { 
   push @{$source_for{$Acc}}, $source; 
  } 
 } 
 return \%source_for; 
} 
 
=head2 get_source 
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read a reference to source Hash and a list of NCBI Accession and return a 
scalar containg the dereplicated list of source keywords. 
 
=cut 
 
sub get_source { 
 my $source_for = shift; 
 my $hidlist = shift; 
 my $head_mismatch = shift; # mismatch value for head OTU blast 
best hit 
 my $mismatch_cutoff = shift; #$ARGV{'--mismatch'} from 
BAF_anablast.pm 
 
 my $source_valeur = undef; 
 $source_valeur = 'NA' if $head_mismatch > $mismatch_cutoff; #non 
identical OTU 
 
 unless ($source_valeur) { 
 
 
  my @source; 
 
  source: 
  for my $hid (@$hidlist) { 
#   $hid = $hid =~ s/\.\d+\.\d+//gr; 
   next source unless (%$source_for{$hid}); 
#   my @keywords = @{%$source_for{$hid}}; 
    for my $keyword (@{%$source_for{$hid}}){ 
    push @source, $keyword; 
   } 
#   # 
  } 
  #trier et uniq le @source 
  $source_valeur = join "|", uniq(@source); 
  ### $source_valeur: $source_valeur 
  $source_valeur = "NA" unless $source_valeur; 
 
 } 
 
 
 return $source_valeur; 
} 
 
=head1 AUTHOR 
 
Hiba Jabri, C<< <hiba.jabri at uliege.be> >> 
 
=head1 BUGS 
 
Please report any bugs or feature requests to C<bug-baf-sourcetracking at 
rt.cpan.org>, or through 
the web interface at 
L<https://rt.cpan.org/NoAuth/ReportBug.html?Queue=BAF-sourcetracking>.  I 
will be notified, and then you'll 
automatically be notified of progress on your bug as I make changes. 
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=head1 SUPPORT 
 
You can find documentation for this module with the perldoc command. 
 
    perldoc BAF::sourcetracking 
 
 
You can also look for information at: 
 
=over 4 
 
=item * RT: CPAN's request tracker (report bugs here) 
 
L<https://rt.cpan.org/NoAuth/Bugs.html?Dist=BAF-sourcetracking> 
 
=item * AnnoCPAN: Annotated CPAN documentation 
 
L<http://annocpan.org/dist/BAF-sourcetracking> 
 
=item * CPAN Ratings 
 
L<https://cpanratings.perl.org/d/BAF-sourcetracking> 
 
=item * Search CPAN 
 
L<https://metacpan.org/release/BAF-sourcetracking> 
 
=back 
 
 
=head1 ACKNOWLEDGEMENTS 
 
 
=head1 LICENSE AND COPYRIGHT 
 
This software is Copyright (c) 2019 by Hiba Jabri. 
 
This is free software, licensed under: 
 
  The Artistic License 2.0 (GPL Compatible) 
 
 
=cut 
 
1; # End of BAF::sourcetracking 
 

 


