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Abstract (English): 

The phage-host interaction (PHI) is a dynamic and complex process influenced by multiple factors, 

such as extensive genetic and morphological diversity among bacteriophages. Prophages, as the 

direct interaction between phages and their bacterial hosts, can replicate alongside bacteria and 

facilitate their adaptation to the environment by providing additional functions. This study 

investigated the phage replication cycles—lytic, lysogenic, and chronic—to uncover their roles in 

phage therapy and patients with gut disorders. To enhance accuracy in identifying phage 

replication cycles, particularly the chronic cycle, I developed RepliDec, a computational tool 

capable of predicting lytic, lysogenic, and chronic lifecycles. RepliDec addresses existing 

limitations of available computational tools that often misclassify chronic phages within complete 

phage genomes and the fragmented sequences obtained from sequencing technology. I first 

assessed RepliDec's performance on complete phage genomes, and it outperformed all other 

tools, achieving the highest scores across all four metrics: sensitivity (86.76%), accuracy 

(85.57%), F1 score (87.31%), and Matthews correlation coefficient (MCC) (74.00%). Additionally, 

RepliDec demonstrated the best performance in all metrics for simulated phage contigs, achieving 

an accuracy of 77.04% and an F1 score of 70.69%. Furthermore, I developed an integrated 

pipeline, RepliDec+, designed for use in complex microbial communities, such as the human gut. 

Subsequently, by employing RepliDec+, I re-evaluated the prevalence of temperate phages in 

patients diagnosed with inflammatory bowel disease (IBD). I discovered that temperate phages 

are significantly more prevalent among IBD patients experiencing severe symptoms compared to 

healthy controls. Furthermore, I investigated the presence of temperate phages in four 

commercially available phage cocktails. It is crucial to note that temperate phages should be 

excluded from these cocktails due to their propensity for harboring virulent genes, which may be 

transmitted to bacteria, potentially leading to adverse outcomes. My analysis indicated the 

detection of several temperate sequences containing integrases within the PYO cocktails. 

Moreover, a minimal level of bacterial contamination was noted in this study. The insights gained 

through RepliDec and Replidec+ advance our understanding of prophages and contribute to 

microbiome studies as well as the development of bacteriophage-based therapeutic strategies. 

Identifying phage-host pairs is essential in PHI studies, with experimental methods, such as 

plaque assays, remaining the gold standard for this recognition. Investigating PHI in the gut 
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environment is challenging due to its complex network, which involves mammalian hosts, bacteria, 

viruses, and fungi. To address this complexity, I utilized a modified version of viral tagging (VT) 

and whole genomic sequencing to establish potential phage-bacteria associations from cross-

infection samples. I identified 607 viral clusters (VCs) and 208 bacterial taxa, contributing to the 

determination of the phage-bacteria association network across three disease conditions: 

ulcerative colitis (UC), early-stage colorectal cancer (CRCE), and advanced-stage colorectal 

cancer (CRCA). Thousands of phage-bacteria associations were detected within each disease 

condition. This approach enhances our understanding of gut microbiome dynamics and phage-

host interactions in both health and disease. 

This work advances our understanding of phage-host interactions, particularly in the context of 

the human gut microbiome. The findings demonstrated the key role of temperate phages with IBD 

and phage therapy. Furthermore, the use of the modified viral tagging (VT) method to establish 

phage-bacteria associations paves the way for future studies to explore microbial interaction pairs 

on a larger scale. Investigating the bacteria and their associated viral communities may provide 

new insights into the application of phage therapy as a viable treatment option. 
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1. Introduction 

1.1 Bacteriophages 

1.1.1 Bacteriophage history and current status 

Viruses are the most abundant organisms in the world. The total abundance of viruses was 

estimated as 10^31 on the planet (Comeau et al., 2008; “Microbiology by Numbers,” 2011), much 

more than the bacteria in the human body (Shkoporov & Hill, 2019). Most of these viruses are 

bacteriophages or phages (Breitbart et al., 2007; Camarillo-Guerrero et al., 2021).  

One hundred years ago, William Twort first discovered bacteriophages while propagating 

smallpox vaccinia virus (Twort, 1961; Keen, 2015). He found some “glassy and transparent” spots 

in bacteria contamination plaques. However, no clear answer can explain this observation. 

Several years later, Felix d’Herelle had similar observations and realized it was a new virus type. 

This new virus could kill bacteria and form a transparent dead bacteria zone (d’Herelle, 1961). 

They were named as bacteriophage (phage) (d’Herelle, 1961). Since then, research on 

bacteriophages has raised the curtain. 

Initially, research on bacteriophages attracted little attention, and only a few articles were 

published each year (Figure 1-1). Until 2000, there was a steep increase in published articles 

related to bacteriophages. In 2023, the number of published articles was three times that during 

1968-1999. This increase indicates that phages have begun to draw people’s attention, and their 

importance in ecology and the environment has been realized and studied widely.  

Even though bacteriophages were discovered a hundred years ago, their vast diversity, unique 

infection cycles, and highly diverse genomes continue to pose significant challenges to 

researchers aiming to unveil their secrets. Thanks to new technology, such as sequencing 

technology, the cultural dependence method is bypassed, and the research on bacteriophages is 

accelerated. However, many “dark matters” in bacteriophages (Clooney et al., 2019; Santiago-

Rodriguez & Hollister, 2022) still need to be investigated in the future.  
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Figure 1-1 The number of published reseach articles related to phages. 
Searching for "Phage" in PubMed (https://pubmed.ncbi.nlm.nih.gov/). 

 

1.1.2 The significance of studying bacteriophages  

Bacteriophages are ubiquitous organisms worldwide, and their impact on the whole living system 

is neglectable. For example, bacteriophages identified from ocean or lake environments can 

significantly impact productivity and nutrient cycling among water-living organisms (Hurwitz & 

U’Ren, 2016). They possess genes related to sulfur (Hesketh-Best et al., 2023; Kieft, Zhou, et al., 

2021), carbon (Hesketh-Best et al., 2023; Sanmukh et al., 2015), and nitrogen (Waldbauer et al., 

2019) which indicate they have the potential to take part in these metabolic cycles. Moreover, 

these metabolic cycles might take part in global climate change (Focardi et al., 2020). 

Researchers suggest that marine viruses should be considered part of ocean climate models to 

increase the accuracy of climate change prediction (Danovaro et al., 2011; McDonald, 2016).  

Viruses/bacteriophages can also manipulate human organic sulfur metabolism (Kieft, Breister, et 

al., 2021). More and more phage studies have demonstrated that they play an essential role in 

directly or indirectly influencing human health, such as Inflammatory Bowel Disease (IBD) 

(Norman et al., 2015), Clostridium difficile infection (CDI) (Zuo et al., 2017), diabetes (Ma et al., 

2018; Zhao et al., 2017), hypertension (Han et al., 2018), asthma (Megremis et al., 2023) and 
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Parkinson’s disease (PD) (Tetz et al., 2018). They also impact the nervous system (Jędrusiak et 

al., 2023) and immune system (Champagne-Jorgensen et al., 2023).  

1.1.3 Bacteriophage biology 

Bacteriophages are viruses that can infect bacteria or archaea. They exhibit significant diversity 

in both their morphology (Figure 1-2 A) and genomes. According to the latest ICTV Taxonomy 

Release (VMR_MSL38_v3; https://ictv.global/vmr), bacteriophages are mainly from 10 classes: 

Tokiviricetes, Caudoviricetes, Faserviricetes, Malgrandaviricetes, Huolimaviricetes, 

Vidaverviricetes, Leviviricetes, Ainoaviricetes, Tectiliviricetes, Laserviricetes. This new 

classification system is genome-based virus taxonomy (Koonin et al., 2020). Virions belonging to 

the Leviviricetes class and Microviridae family both feature a unique spherical morphology with 

icosahedral symmetry. However, there are distinct genetic and structural variations between them. 

Phage belonging to Leviviricetes are all positive single-strand RNA (+ssRNA) viruses, encoding 

three +ssRNA virus core proteins: a maturation protein (MP), a coat protein (CP), and a catalytic 

subunit of an RNA-directed RNA polymerase (RdRP) (Callanan et al., 2021). In contrast, 

Microviridae phages are characterized by genomes consisting of circular positive sense ssDNA 

molecules, typically around 4.4–6.1 kb in length (Roux et al., 2012). Moreover,  phages belonging 

to the Corticoviridae family are also a family of icosahedral viruses and their genomes consist of 

highly supercoiled circular double-stranded DNA, typically around 10 kb in length (Oksanen & 

ICTV Report Consortium, 2017). Their virions possess internal lipid membranes, which are absent 

in Leviviricetes and Microviridae.  

The high diversity of bacteriophages poses a challenge to category them easily. The new 

bacteriophage taxonomy system offers finer resolution than older systems (Koonin et al., 2020), 

allowing for more genomic differentiation among the phage family and genus. However, given the 

high diversity observed among phages, relying solely on taxonomy information may not suffice 

for their precise characterization. Their diversity manifests in various aspects such as genomic 

composition, genome size, virion particle size, morphology, replication cycle, and host range.  

Based on their genomic composition, phages can be categorized into four groups: (a) single-

stranded RNA phage, (b) double-stranded RNA phage, (c) single-stranded DNA phage, or (d) 

double-stranded DNA phage. Their genomes also can be linear, circular, or segmented, and 

https://ictv.global/vmr
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genome size ranges from the ~3,300 nucleotide ssRNA viruses of Escherichia coli to 735 kb 

circularized huge phage genome (Al-Shayeb et al., 2020; Hatfull & Hendrix, 2011).  

Moreover, there is an essential group of single-stranded DNA (ssDNA) bacteriophages whose 

virion is long, thin, and filamentous in shape. They belong to the Inoviridae family and have a 

major coat protein helically organized around supercoiled, circular ssDNA. The length of 

Inoviridae bacteriophage virions depends on their genome size, ranging from 600 to 2500 nm 

with a diameter of 6–10 nm (Knezevic et al., 2021). Recent studies have verified that Inoviridae 

is prevalent in prokaryotic bacteria and archaea and identified 10,295 inovirus-like sequences 

from microbial genomes and metagenomes, which largely expand the current inovirus database 

(Roux, Krupovic, et al., 2019). In addition, phylogenetic analysis reveals the high diversity within 

the Inoviridae family, leading to suggestions for reclassifying Inoviridae into a viral order and 

establishing six new families (Roux, Krupovic, et al., 2019). 

 

 

Figure 1-2 Bacteriophages morphology.  
(A) Representation of prokaryote bacteriophage morphotypes. (B) Members of the Caudoviricetes 
class. Figure from chapter Bacteriophages: Their Structural Organization and Function. by White 
Helen E. and Orlova Elena V in book Bacteriophages - Perspectives and Future (E. White & V. 
Orlova, 2020). 

 

A study examining 5568 phages in the electron microscope found that about 96% of them are 

tailed phages (Ackermann, 2007). Moreover, gut virome studies also verified that tailed phages 

are the most abundant in gut virome (Camarillo-Guerrero et al., 2021; Z. Cao et al., 2022; Ma et 

al., 2018). Tailed bacteriophages are an essential part of studying phage biology. Tailed phages 
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are all double-stranded DNA (dsDNA) phages belonging to the order Caudovirales (abolished 

according to ICTV 2023). All the tailed phages were described in class Caudoviricetes in the new 

system, and abolition of the morphology-based families Myoviridae, Podoviridae, and 

Siphoviridae (Turner et al., 2023). However, phages in this class mainly have three different 

morphologies according to the type of tails. (a) Podoviridae virions have a short, non-contractile 

tail and their size is about 20×8 nm; (b) Virions belonging to Siphoviridae have a long, non-

contractile, thin, and flexible tail. The diameter of their capsids is approximately 60 nm, while their 

tails measure around 150×8 nm. (c) Myoviridae virions have a long and complex contractile tail, 

which is relatively thick (~16nm) compared to Siphoviridae. Their heads are prolate icosahedra 

(elongated pentagonal bipyramidal antiprisms), and their size is about 111×78 nm. 

In addition to differences in genomic composition and virion particles, the diversity of 

bacteriophages is evident in their infection processes, including the replication cycle and host 

specificity. One notable characteristic is their host specificity. It is a prevalent but insufficiently 

tested belief that bacteriophages possess a narrow host range, capable of infecting various 

strains within the same species (Fong et al., 2021). For example, Pseudomonas phage BrSP1 

can infect 19 Pseudomonas aeruginosa strains (De Melo et al., 2019). This distinctive 

characteristic enables bacteriophages to function as an effective and safe alternative to antibiotics 

for treating multidrug-resistant bacteria. Additionally, with the increasing discovery and isolation 

of various bacteriophages, researchers have identified specific phages with a relatively broad 

host range, allowing them to infect numerous species or even bacteria from different genera (De 

Melo et al., 2019; Göller et al., 2021; Islam et al., 2023; Tétart et al., 1996). In one study, 

researchers investigated host ranges of staphylococcal phages isolated from wastewater. A 

diverse host panel of 123 bacteria from 32 different species was used, including 29 

Staphylococcus species (117 strains), two Macrococcus species (4 strains), and one 

Enterococcus species (2 strains). The study revealed that ten out of ninety-four unique phages 

exhibited a uniform host range and were isolated from multiple species. Furthermore, only sixty-

four unique phages were isolated on a single occasion (one plaque), while thirty-two were isolated 

between two and fifteen times (Göller et al., 2021). Another critical example is bacteriophage T4, 

which can infect a range of Escherichia coli strains and some closely related bacteria such as 

Shigella (Tétart et al., 1996). From this evidence, we can infer that phage host specificity is not 

that strict.  
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The relatively extensive host spectrum is advantageous for phage therapy, as broad-host-range 

phages can infect and eradicate a more diverse array of pathogen strains or related species. 

Nonetheless, this extensive host spectrum presents a challenge in investigating the phage-host 

relationship. Despite advancements in the comprehension of phage-bacteria interactions, 

predicting a phage's host range solely based on genomic characteristics is difficult due to the 

considerable genetic diversity observed among phages. Moreover, phages infecting the same 

host may exhibit significant genomic diversity. For example, a genome comparison analysis 

between 27 phages infecting Staphylococcus aureus reveals extensive genome mosaicism in 

their gene maps. The 27 S. aureus phages can be organized into three groups based on genome 

size, gene map organization, and comparative nucleotide and protein sequence analysis (Kwan 

et al., 2005). These studies demonstrate that phage host specificity is complex and influenced by 

a variety of factors without clear, predictable patterns in their genomic features. The broad host 

range, combined with the highly mosaic genome, makes phage host prediction more complex 

and poses a challenge to phage classification by merely using an infected host. Further research 

is needed to identify potential patterns and improve our understanding of phage host range 

determinants. 

1.1.4 Phage infection cycle  

Bacteriophages can infect bacteria or archaea hosts. In general, bacteriophages need several 

steps to accomplish the infection process: (a) attachment, (b) penetration, (c) biosynthesis, (d) 

maturation, and (e) release (Sausset et al., 2020). The infection starts with the bacteriophage 

attaching to the surface of host cells via specific receptors. Bacteriophage receptor-binding 

proteins (RBPs) display high specificity for these receptors (Costa et al., 2022). This unique 

attachment mechanism limits the phage host range. After attachment, the phage injects its 

genome through the host cell wall and membrane while the rest of its components, such as the 

capsid and tail, remain outside the host. Once inside, phages adopt different strategies to interact 

with the bacterial genome. Some phages will degrade the bacterial chromosome and hijack the 

host machinery to synthesize early enzymes, coat proteins, and replicate the bacteriophage 

genome. These components are then used to assemble new virions. After maturation, phage 

proteins such as holin or lysozyme lyse the host cell, releasing the new virions. However, some 

phages will integrate their genome into the bacterial chromosome and replicate with the host 
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together. Until some conditions (e.g., ultraviolet light exposure or chemical exposure) stimulate 

the host cell, the integrated phage genome (prophage) will excise from the bacteria genome. After 

that, they will utilize the host machinery, produce the new virions, and then kill the host. Different 

replication strategies are vital factors when characterizing phages. 

1.1.5 Current application of phage in clinical  

Before the discovery of penicillin, the first antibiotic, phages were used as medicine for ten years 

(Chanishvili, 2012). Phage therapy is an essential application of bacteriophages with a long 

history, but its global application is not yet widespread. The historical evolution of phage therapy 

shows that political issues, personal rivalries, and ongoing disputes have greatly hindered its 

advancement (Summers, 2012). The first documented clinical application of phage therapy 

occurred in 1919 at the Hôpital des Enfants-Malades in Paris, where it was successfully utilized 

to treat four pediatric cases of bacterial dysentery (Chanishvili, 2012; d’Herelle, 1961; Summers, 

2012). The first field trials used bacteriophages as a prophylactic against avian typhosis 

(Salmonella gallinarum) in rural France in 1919 (“LIMITATIONS OF BACTERIOPHAGE 

THERAPY,” 1931). Until 1930, it has been used worldwide in humans, but scientists have different 

opinions about phage therapy. Some think it’s a promising treatment, while others think it is over-

sold (Summers, 2012). However, the broad spectrum and constant dosage of antibiotics, coupled 

with the mixed success of phage therapy in clinical trials, have resulted in a predominant 

preference for antibiotics within Western medical practice (Chanishvili, 2012; Lin et al., 2017). As 

a result, phage therapy experienced a significant decline in acceptance and utilization in Western 

medicine after the introduction of pharmaceutical antibiotics.  

Along with the widespread use of antibiotics, the overprescribing and overusing of antibiotics lead 

to severe problems, such as increased antimicrobial resistance (AMR), particularly the 

emergence of antibiotic-resistant bacteria strains (Llor & Bjerrum, 2014). These bacteria will 

cause more severe symptoms, prolonging the illness, increasing mortality rates, and raising the 

risk of complications and hospitalization (Llor & Bjerrum, 2014). Moreover, a report from the World 

Health Organization (WHO) shows that there has been extensive overuse of antibiotics worldwide 

during the COVID-19 pandemic, which may have worsened the "silent" spread of AMR (World 

Health Organization, 2024). According to a study, bacterial AMR was directly responsible for 1.27 
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million global deaths in 2019 and contributed to 4.95 million deaths (Murray et al., 2022). AMR is 

becoming one of the serious public health problems and development threats worldwide. Several 

actions have been taken globally to address this issue, such as the One Health Approach and the 

Global Action Plan on Antimicrobial Resistance (World Health Organization, 2023). Additionally, 

efforts are being made at the academic level to promote research and the development of 

alternative therapies like bacteriophage therapy and antimicrobial peptides (Huan et al., 2020). A 

successful clinical use of phage therapy to treat severe multi-antibiotic-resistant Acinetobacter 

baumannii infection in the U.S. at the University of California San Diego reignited interest in phage 

therapy (Hitchcock et al., 2023; LaVergne et al., 2018).  

Kutter et al. (Kutter et al., 2010) have described the previous clinical phage therapy trials in detail. 

More and more studies have been conducted (Fowoyo, 2024; Swenson et al., 2024), while the 

regulation and acceptance of phage therapy vary among countries. Poland and Soviet republics, 

notably the Georgian and Russian, have been pivotal in advancing the field of phage therapy. 

The Eliava Phage Therapy Center (EPTC) in Tbilisi, Georgia, and the Hirszfeld Institute of 

Immunology and Experimental Therapy in Poland are the most famous institutions in phage 

therapy. EPTC treated 400 patients with phages in 2018 and 20 to 30 patients with cystic fibrosis 

per month, according to the staff report at a phage conference in 2019 (Swenson et al., 2024). 

The Hirszfeld Institute reported treating 1307 patients with phage preparations from 1987 to 1999 

(Żaczek et al., 2020). The Israeli Phage Therapy Center (IPTC) has treated 20 patients primarily 

for bone infections since its establishment from 2018 to 2023 (Onallah et al., 2023). In the United 

States, it has received approval for application within veterinary and agricultural contexts, 

targeting animals and plants. However, the Food and Drug Administration (FDA) has not 

approved bacteriophage-based human clinical use products (Swenson et al., 2024). However, 

the FDA has been accepting more innovative clinical trial designs (Swenson et al., 2024; US Food 

and Drug Administration, 2019). According to the records listed on clinicaltrials.gov (access date: 

2024-09-25), 45 phage therapy clinical trials are listed in total. Seven of them were completed, 

and 25 were undergoing. Since 2020, 37 clinical trials have been initiated to explore the efficacy 

and safety of phage therapy. Despite the relatively limited application of phage therapy in clinical 

trials, there has been a noticeable increase over the last five years compared to prior periods. 

This trend highlights the growing interest in and potential of phage therapy as a viable treatment 

option within the medical community. 
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Phage therapy has been used in several human clinical trials to treat skin and soft tissue infections 

(Gupta et al., 2019; Jault et al., 2019), respiratory tract infections (Aslam et al., 2019; Lebeaux et 

al., 2021), urinary tract infections (Kuipers et al., 2019; Zaldastanishvili et al., 2021), and 

Gastrointestinal infections (Federici et al., 2022). Many bacteriophage clinical trials currently 

registered on clinicaltrials.gov are focused on applying bacteriophages to treat skin and soft tissue 

infections, accounting for 21.7%, and gastrointestinal infections, representing 16.2% (Hitchcock 

et al., 2023). These clinical trials mainly focus on treating infections caused by ESKAPE 

pathogens. ESKAPE stands for Enterococcus faecium, Staphylococcus aureus, Klebsiella 

pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and species of Enterobacter. 

Among these pathogens, Staphylococcus aureus, Klebsiella pneumoniae, and Pseudomonas 

aeruginosa are the most common in bacteriophage clinical trial records. Acinetobacter baumannii, 

Enterococcus faecium, and species of Enterobacter are less frequently encountered in the 

records (Hitchcock et al., 2023). These ESKAPE pathogens are prone to mutating into antibiotic-

resistant strains and are hard to be killed by antibiotics. For chronic nonhealing burn wound 

infections, Phage cocktail PP1131 has been used and PP1131 decreased the bacterial burden in 

burn wounds at a slower pace than the standard of care (Jault et al., 2019).  

Moreover, gastrointestinal infections mainly result from bacteria, with increases attributed to the 

rise of antibiotic-resistant strains. Without effective treatments, phage therapy has been proposed 

as a clinical alternative to help restore intestinal balance. Researchers developed a five-phage 

therapy that successfully suppresses Klebsiella pneumonia, which is associated with worsening 

inflammatory bowel disease (IBD) (Federici et al., 2022). And tested it in an artificial human gut 

and with healthy volunteers, showing safety, viability, and potential for treating non-communicable 

diseases by targeting antibiotic-resistant gut bacteria. Also, Intralytix’s EcoActive™ bacteriophage 

therapy targeting adherent-invasive Escherichia coli (AIEC) in Crohn's disease patients has 

entered a Phase 1/2a clinical trial (registered under clinicaltrials.gov NCT03808103) and recruited 

volunteers with inactive Crohn's disease at the Icahn School of Medicine at the Mount Sinai 

Hospital in New York, NY, and the Johns Hopkins University in the Baltimore, MD metro area.  
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1.1.6 Application of phage in argiculture and food industry  

Despite its long history of use in medicine, phages have also been utilized in various non-clinical 

applications (Elfadadny et al., 2024; García-Cruz et al., 2023). In the food industry, phages can 

be used as preservatives and antibacterials in packaged products to prevent bacterial 

contamination (Ranveer et al., 2024). In the agriculture industry, they can be used as a safe and 

effective approach to pest control, especially for those who rely on endosymbionts for essential 

physiological functions, such as aphids.  

Phage also plays a crucial role in the aquaculture industry. Bacterial infections, for instance, 

greatly contribute to fish morbidity and mortality, frequently resulting in disease outbreaks and 

significant economic damage. At present, multiple bacterial strains have been reported to infect 

fish, including Aeromonas septicemia, Edwardsiellosis, Columnaris, Streptococcosis, and 

Vibriosis (Irshath et al., 2023). While antibiotics and chemotherapeutics can be used to treat 

diseases caused by these bacteria, they have several notable drawbacks, including drug 

resistance and safety concerns for consumers and the environment. Bacteriophages can be a 

safe alternative to address these issues, and oral administration of a phage cocktail is the most 

suitable method of application in fish (Soliman et al., 2019).  

In our daily lives, phages can also be helpful as disinfectants for decontaminating or cleaning 

surfaces, such as in hospitals. Phages are natural predators of bacteria, and their host specificity 

makes them safe and effective at killing bacteria, especially those within biofilms that are resistant 

to chemical disinfectants. So, phage disinfectants will be more environmentally friendly and safe 

than chemical disinfectants (Elfadadny et al., 2024).  

In addition, phages can be utilized to protect the environment, such as combating global warming 

and treating wastewater (García-Cruz et al., 2023). For example, methane ranks as the second 

most prevalent greenhouse gas after CO2, with a notable portion originating from methanogenic 

archaea found in the gut microbiome of cattle bred for human consumption. Phages targeting 

eubacteria and methanogenic archaea could also serve as an effective strategy by reducing the 

numbers of these eubacteria and methanogenic archaea, leading to a decrease in methane 

emissions (García-Cruz et al., 2023). A similar strategy can also be applied to CO2. 
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1.1.7 Human virome and metagenomics 

Advancements in sequencing technology enable the discovery and characterization of 

bacteriophages at the population level without the need for culture. Following the extraction of 

DNA from samples, a sequencing library must be prepared based on the sequencing technologies. 

Subsequently, the fragmented DNA sequences library are sent for sequencing. Short-read 

sequencing typically generates reads ranging from 50 to 200 base pairs (bp). Thousands of short 

reads can be analyzed using two strategies: reference-based and reference-free methods. The 

reference-based approach requires a reference sequence; it involves mapping the short reads to 

the reference to ascertain the relative abundance of the sequences. When a reference or an 

appropriate reference database is unavailable, a de-novo assembly strategy must be applied, 

utilizing mathematical algorithms to connect the short reads into longer contigs or scaffolds. 

Depending on the specific investigative objectives, various downstream analyses can be 

conducted. In the case of bacteriophages, this often involves identifying prophages within 

bacterial genomes, distinguishing viral contigs from all assembled contigs, predicting the host 

range and replication cycle of viral contigs, and characterizing the taxonomy of these unknown 

contigs. Sometimes, it is necessary to predict and annotate the functions of genes in order to 

investigate their roles within metabolic pathways.  

Although several tools have been developed for each analysis, they have already been discussed 

in other articles (Khan Mirzaei et al., 2021; Knight et al., 2018). All these tools can be classified 

into three types: alignment-based, alignment-free, or hybrid. Alignment-based tools utilize 

information within the public databases and align it with query sequences; the one exhibiting the 

highest score or similarity will be selected as a result. However, there exists a significant amount 

of "dark matter” in the virome (Santiago-Rodriguez & Hollister, 2022), which complicates the 

analysis. Additionally, this approach lacks the ability to handle novel phages. Alignment-free tools 

utilize machine learning or deep learning methods to transform biological signals into a high-

dimensional space and forecast outcomes using mathematical calculations. The downside of this 

approach is its lack of interpretability, and it relies heavily on a large training dataset. Some tools 

integrate both strategies, but they do not eliminate the drawbacks of either approach. 
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1.1.8 Viral genomics in virome and metagenomics 

The most common topic for investigating phages in virome and metagenomic data is to identify 

viral contigs from the assembled contigs, including identifying the viral regions or prophage 

regions within bacterial contigs and differential viral contigs from contamination contigs. There 

are many tools available for distinguishing viral from microbial sequences, typically they can 

classified into three groups based on their methods: homology-based, homology-independent, 

and hybird. Homology-based approaches utilize alignment similarities with known databases as 

criteria to ensure the viral source, such as MetaPhinder (Jurtz et al., 2016) and VirSorter (Roux 

et al., 2015). Nevertheless, the high diversity of phages, combined with the plasmid sequences 

found in bacterial genomes and auxiliary metabolic genes carried by phages, makes it difficult to 

clearly distinguish between phages and bacteria. Furthermore, the absence of comprehensive 

phage databases hinders the accurate prediction of prophage regions within microbial sequences. 

The homology-independent approach utilizes gene content and genomic structural features or 

the frequencies of DNA “words” (i.e., k-mers), transforming them into high-dimensional space, 

and subsequently integrates machine learning or deep learning techniques, such as 

DeepVirFinder (Ren et al., 2020), PPR-Meta (Z. Fang et al., 2019) and PhiSpy (Akhter et al., 

2012). While machine learning methods that rely on nucleotide composition and gene content 

would not be impacted much by viral database bias, they tend to be confused by any unusual 

sequence as plasmids or eukaryotic genome fragments (Guo et al., 2021). Some tools, VIBRANT 

(Kieft et al., 2020) and VirSorter2 (Guo et al., 2021), combine both approaches to aim for improved 

predictions. 

Once the viral contigs are identified, the subsequent analyses vary based on the specific research 

purpose. Typically, viral contigs longer than 10 kb are ideally chosen for future analysis 

(Camarillo-Guerrero et al., 2021). This will result in information loss from contigs shorter than 10 

kb. To handle this, there are two ways; first is to construct the viral Operational Taxonomic Unit 

(vOTU) by clustering these viral contigs based on genomic similarity. However, vOTU does not 

represent a true species or strains; rather, it is a collection of similar viral contigs, which can 

potentially lead to inaccuracies in diversity assessment. Second is binning these contigs into 

metagenome-assembled genomes (MAGs) based on their co-abundance or genomic content 

information. Viral contigs belonging to the same species or strain will be grouped into bins, with 
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each bin treated as a distinct “real” phage. However, mosaic genomic features of phages may 

pose challenges in binning; therefore, it is essential to conduct a post-evaluation for each bin. 

Currently, METABAT (D. D. Kang et al., 2019), PHAMB (Johansen et al., 2022) , and vRhyme 

(Kieft et al., 2022) can be used to binning viral contigs.  

Once the viral contigs or the viral MAGs are obtained, we can predict the open reading frame 

(ORF) from them using Prodigal (Hyatt et al., 2010) and Glimmer (Salzberg et al., 1998). Then, 

the proteins can be mapped to a public function database to find the possible function annotation. 

There are multiple databases that can be used, such as PFAM (Mistry et al., 2021), KEGG 

(Kanehisa & Goto, 2000), NCBI blast NR database (O’Leary et al., 2016), CDD (M. Yang et al., 

2020), UniProt (The UniProt Consortium et al., 2023), COG (Galperin et al., 2021), PHROG 

(Terzian et al., 2021), CARD (Alcock et al., 2023), ARDB (Liu & Pop, 2009), VOGDB (Trgovec-

Greif et al., 2024) and pVOGs (Grazziotin et al., 2017). Despite lots of databases available, a 

large proportion of hypothetical proteins have unknown functions. It is essential to explore new 

strategies to accelerate the process of characterizing these unknown functions.   

1.2 Phage replication cycle and identification 

1.2.1 Replication cycle 

There are four types of replication cycles, including lytic, lysogenic, pseudolysogeny and chronic 

(Olszak et al., 2017; Sieiro et al., 2020) (Figure 1-3). (a) In the lytic cycle, virulent phages hijack 

the host's cellular machinery to make new copies of the phages, and the phage progeny will be 

released through the lysis of the host cell. (b) The lysogenic cycle happens when a phage enters 

into a stable symbiosis with its bacterial host by integrating its genome into the host chromosome 

or is maintained as a plasmid and replicates with the bacterial host (Weinbauer, 2004). The host 

and phage in such a relationship are called a lysogen and a prophage, respectively. Prophages 

can enter the lytic cycle spontaneously at a low frequency and in response to external stressors 

such as those that trigger DNA damage or the SOS response (Clokie et al., 2011; Hobbs & 

Abedon, 2016; Mirzaei & Maurice, 2017). (c) Chronic cycle, common among filamentous phages, 

e.g. phage M13, is a special replication cycle whereby virions are produced and continuously 

released without killing the host. Additionally, there is one case known as pseudolysogeny (Łoś 
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& Węgrzyn, 2012; Olszak et al., 2017; Sieiro et al., 2020), which is associated with the starvation 

stress of the bacterial host and can occur in both virulent and temperate phages. In this state, the 

phage genome remains inactive after injecting its genome into host cells, and the viral genome 

has no degradation. The phages do not produce new virions nor replicate in synchronization with 

the host cell. However, once nutrients become sufficient, they will begin to enter either the lytic or 

lysogenic cycle. 

 

 
Figure 1-3 Phage replication cycles.  
This figure originates from Sieiro et al. (Sieiro et al., 2020). 

 

1.2.2 Identification of phage replication cycle 

There are some ways to identify the phage replication cycle. If the phage can be cultured in the 

lab, the replication cycle can be determined by plaque assay. In plaque assay, virulent phages 

might form clear plaques, while temperate phages might form turbid plaques (Jurczak-Kurek et 

al., 2016). It's essential to verify the observed plaque morphologies through phage genomics to 

ensure that lysogeny-related genes are absent from the phage genome before concluding the 

replication cycle. Experimental methods do not always work in certain situations. For example, 
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phages cannot be cultured and isolated in the lab, and sometimes phages are identified using 

sequencing technologies. Shotgun sequencing bypasses the need for culturing, but it only 

provides genomic-level information and generates hundreds or even thousands of viral contigs in 

complex ecosystems. Determining the replication cycle of these viral contigs through 

experimental methods is often time-consuming and ineffective, especially since most of them are 

unculturable. These limitations compel us to seek alternative solutions to these challenges. 

A practical way to tackle these challenges is by using computational techniques to predict the 

viral replication cycle. By accurately forecasting this cycle, we can gain crucial insights into virus-

host interactions within intricate ecosystems and emphasize the virome's significance in human 

health and disease (Clooney et al., 2019; Khan Mirzaei et al., 2020; Mirzaei & Maurice, 2017; 

Roux, Adriaenssens, et al., 2019). Currently, various tools can predict phage replication using 

phage genomes (Table 1-1). However, utilizing computational software to predict the replication 

cycles of uncultivated phages has some limitations (Table 1-1). Generally, these tools use one or 

both prediction strategies: alignment-based and alignment-free. Alignment-based strategy relies 

on a set of marker genes or proteins that commonly exist in temperate phages. For example, 

PhageLead (Yukgehnaish et al., 2022) uses five different temperate marker genes, including 

Integrease, ParA, Cro/CI, immunity repressor, and antirepressor. PHACTS (McNair et al., 2012) 

randomly selected 600 query proteins as markers, and BACPHLIP (Hockenberry & Wilke, 2021) 

uses 206 lysogeny marker proteins. The alignment-based strategy can achieve high accuracy, 

but not all phages contain these markers due to their significant variability and high mosaic 

organization in phage genomes (Hatfull, 2008; Hatfull & Hendrix, 2011). Also, the fragmented 

phage assemblies from sequencing data pose a challenge in detecting these markers. Alignment-

based strategy might confidently predict the replication cycle well on the long and complete 

genomes (Hockenberry & Wilke, 2021). However, the alignment-free strategy uses k-mer or 

machine learning algorithms to transform the DNA data into high-dimension space, such as 

PhageAI (Tynecki et al., 2020), PhagePred (Song, 2020), DeePhage (Wu et al., 2021), and 

PhaBOX/PhaTYP (Shang et al., 2023). The alignment-free strategy considers the information of 

the entire input sequence, not limited to the completeness or the marker genes of the phage 

genome. PhageAI relies on Word2Vec with the Ship-gram model and linear Support Vector 

Machine to predict the phage's replication cycle (Tynecki et al., 2020). PhagePred uses k-mer 

frequencies as the sequence feature to evaluate the 𝑑!" dissimilarity measures between novel 
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viral sequences and two types of replication cycles (lytic/lysogenic) in phages (Song, 2020). 

DeePhage uses a convolutional neural network to detect signatures associated with 

lytic/lysogenic cycles in viral sequences and predict their replication cycle (Wu et al., 2021). 

PhaBOX/PhaTYP uses Bidirectional Encoder Representations from Transformer (BERT) to learn 

the protein composition and associations and a contextualized embedding model from natural 

language processing (NLP) for replication cycle classification (Shang et al., 2023). An alignment-

free strategy can address the limitations of alignment-based methods. However, its effectiveness 

depends on having access to large and diverse datasets for training the model. If the training 

datasets are too small or lack diversity, it can lead to overfitting during the training process, 

undermining the model's accuracy and robustness. However, the training dataset used by most 

of these tools is mainly from 2 sources:  (a) Mavrich’s dataset which contains about 1551 RefSeq 

phages (507 empirically established; the rest are predicted from 206 “temperate phage” domain) 

(Mavrich & Hatfull, 2017) or (b) RefSeq genomes predicted using alignment-based strategy 

established by Mavrich (Mavrich & Hatfull, 2017). According to Mavrich’s research, the 

computational prediction strategy exhibits a specific error rate whereby the predicted lifecycle 

data conflicts with the empirical lifecycle data in 4% of the empirical dataset (Mavrich & Hatfull, 

2017).  

In current tools, inoviridae is classified as temperate/virulent instead of chronic. This 

misclassification may impact the accuracy of chronic phage categorization in downstream 

analysis. Moreover, without a standardized benchmark dataset, these tools rely on different 

testing datasets, making comparing performance with previous results difficult. 
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Table 1-1 Software comparison of phage replication prediction tools 

SOFTWARE AIM PREDICTION PLATFORM ALGROTHOM TRANING DATASET TEST DATASET DISADVANTAGE 

PHACTS  
(2012) 

complete phage 
genomes; 
partial genome: 
at least a third of 
a phage's 
proteome is 
needed to 
accurately 
predict the 
lifecycle of a 
phage. 

Temperate | 
Virulent 

stand-alone 
(python) 

protein homology 
alignment + 
supervised 
Random Forest 
classifier 

protein datasets 
148 temperate phages 
and 79 virulent phages 
from PHANTOME 
database 

Dataset out of date;  
Large dataset will take very 
long time 

PHAGEAI 
(2020) 

complete phage 
genomes; 

Temperate | 
Virulent | 
Chronic 

web;  
stand-alone 
(python) 

Machine Learning 
(SVM) + Natural 
Language 
Processing 
(Word2Vec with 
Ship-gram model) 

278 virulent and 174 
temperate phages 
(most from RefSeq) 
using bioinformatic 
prediction via 
lysogenic factors  

54 virulent and 30 
temperate phages 
using bioinformatic 
prediction via lysogenic 
factors 

Have query or search 
limitation (100 query/day), 
but can query for more; 
not suitable for large 
dataset such as virome 
dataset 
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PHAGEPRED  
(2020) 

phages which 
derived from the 
metagenomic 
data 

Temperate|Virulent stand-alone 
(python) 

k-mer frequencies 
between teperate 
and virulent 

Refseq sequence 
predicted in Mavrich 
and Hatfull (2017): 
617 Virulent; 330 
Temperate  

Refseq sequence 
predicted in Mavrich 
and Hatfull (2017): 253 
Virulent; 72 Temperate  

novel virues phage might 
hard to preidcted;  
k-mer size k and orders of 
Markov models can 
markedly impact the 
performance, due to the 
high variability and highly 
mosaic organization of 
phages, need to choose 
longer length of k-mer and 
higher order of Markov 
chain; 
small training dataset 

BACPHLIP 
(2021) 

complete phage 
genomes; 
fragmented or 
partially 
assembled 
genomes is 
likely to be 
substantially 
degraded 

Temperate | 
Virulent 

stand-alone 
(python) 

conserved protein 
domains + 
Random Forest 
classifier  

60% Dataset (634): 
1,057 phages with 
empirically 
established lifecycles 
that were collected 
by Mavrich & Hatfull 
(2017); may contain 
errors or 
inconsistencies in 
reporting 

40% Dataset (423) 

BACPHLIP relies on finding 
protein domains within the 
input genome. If a genome 
is only 50% complete, the 
lack of lysogeny-associated 
proteins may be due to the 
fact that the phage genome 
is virulent or it may simply 
be because the relevant 
domains are encoded 
within the missing genome 
segments. 
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DEEPHAGE 
(2021)  

viral fragments 
from 
metagenome 
and metavirome 

Temperate|Virulent 

stand-alone 
(Linux 
operating 
system) 

convolutional 
neural network + 
“one-hot” encoding 
form 

80% Dataset-1: 77 
virulent phages and 
148 temperate 
manually curated with 
credible lifecycle 
annotations from the 
dataset of McNair et 
al. (dataset from 
PHACTS) ; 
100% Dataset-2: 
1,211 virulent and 
429 temperate phage 
genomes from 
Refseq predicted 
using a bioinformatic 
method from Mavrich 
& Hatfull (2017) 

20% Dataset-1; 
real virome data: bodily 
fluids in the bovine 
rumen using “excision," 
“integration," or 
“lysogeny" viral genes 

predicted each contig, can 
not use for binning;  
need MATLAB 
dependencies; 
Linux only 

PHABOX/ 
PHATYP 
(2023) 

complete phage 
genomes; viral 
fragments from 
metagenome 
and metavirome 

Temperate|Virulent 

stand-alone 
(Linux 
operating 
system) 

natural language 
processing (NLP) + 
Bidirectional 
Encoder 
Representations 
from Transformer 
(BERT)  

3474 Refseq phage 
genomes 

Dataset-1: 77 virulent 
phages and 148 
temperate phages from 
PHANTOME database 
(PHACT test dataset)  
Dataset-2: 1211 
virulent phages and 
429 temperate phages 
(DeePhage Dataset2) 
Dataset-3: 2291 phage 
contigs assembled 
from metagenomic 
data from Liang G 
et.al.  

predicted each contig, can 
not use for binning; 
Linux only 



 

 30 

REPLIDEC 

complete phage 
genomes; viral 
fragments from 
metagenome 
and metavirome 

Temperate | 
Virulent | 
Chronic 

stand-alone 
(python) 

Naive Bayes 
classifier + 
alignment based 
(integrase + 
excisionase) 

1,159,179 proteins 
including 419,983 
proteins were 
predicted from 4,126 
viral genomes and 
739,196 prophage 
proteins  from 21,134 
lysogenic prophages 
identified in 14,922 
bacterial and 
archaeal genomes. 

Dataset-1: 470 RefSeq 
viral genomes from 
Mavrich which their 
replication cycle was 
experimented validated 
and consistent with the 
bioinformatic prediction 
results; 
Dataset-2: 610 
represented viral 
genomes (can present 
2920 genomes) which 
show at most 95% 
similarity between each 
other also not similar to 
RefSeq and even 
some prophage 
sequences. lifecycle 
predicted using 
bioinformatic method 
from Mavrich and 
homology to 
prokaryotic sequences; 

needs multiple threading 
when handle very large 
dataset (n>3000 
sequences) 
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1.3 Phage cocktail 

1.3.1 Phage selection and cocktail design 

While phage therapy shows great promise, various obstacles hinder its adoption. Strict 

regulations and approval processes vary across countries, and limited clinical data—particularly 

the absence of large, double-blind, placebo-controlled trials—complicate the assessment of 

phage treatment's effectiveness. Other issues also need to be addressed. 

The primary and most critical factor is to the production and standardization of phages. Phages 

utilized in phage cocktails must adhere to several criteria. Firstly, phages should exhibit lytic 

replication cycle and must not contain virulent factors that release toxins. Furthermore, they 

should lack the capacity to transduce antibiotic resistance genes or virulent factors among 

bacteria hosts. Additionally, phages should possess a relatively broad host range. The mixtures 

of phages should target different host receptors to ensure the efficacy of the phage cocktail. 

Moreover, they should be cultivable for industrial applications. Except that, they should exhibiting 

a slow in vivo virion decay rate so that they have a long-lasting effect (Bull & Gill, 2014). 

Thanks to sequencing technology, bacteriophage discovery and characterization can be 

accelerated. However, this is insufficient for phages used in phage therapy. Currently, there are 

12,197 phage sequences listed in the NCBI Viral Genome Resource (Brister et al., 2015) (access 

date: 20240928). However, this number is far smaller than the estimated 10^31 phages in the 

natural environment (Comeau et al., 2008; “Microbiology by Numbers,” 2011).  

Besides, most of the phages listed in NCBI were discovered by the SEA-Phages program at the 

Howard Hughes Medical Institute (Hitchcock et al., 2023). Although different phage discovery 

protocols can yield varying phages, they generally involve four main steps: isolation, purification, 

amplification, and characterization (Figure 1-4). Initially, phage isolation commences with the 

filtration of environmental samples such as wastewater, hospital waste, fecal samples, etc. And 

bacteria resources were removed from the environmental samples. Subsequently, the resultant 

filtrate is amalgamated with a targeted bacterial culture in an enrichment process. This step 

ensures the efficacy of phages in augmentation against the designated host bacteria. After 

enrichment, a spot assay is used to detect the presence of phages on a bacterial lawn. Phages 
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extracted from the resulting phage plaque are mixed with a neutral buffer, and serial dilutions are 

conducted prior to additional plating to ensure clear phage plaques with a consistent appearance. 

The phages obtained from the plaque need to be characterized using sequence technology. After 

getting the raw reads from the sequencing machine, assemble them into the draft or complete 

genomes. Compare to the phage genomes in the public database to ascertain the novelty of the 

phage. Conclusively, these phages are cataloged in bacteriophage banks and international phage 

directories, making them available for subsequent applications. 

 

 

Figure 1-4 Process of bacteriophage isolation for therapeutic use.  
Figure from the article “Current Clinical Landscape and Global Potential of Bacteriophage 
Therapy” (Hitchcock et al., 2023). 
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Once new bacteriophages have been discovered and isolated, it is essential to enforce stringent 

quality control protocols prior to their application in clinical settings. These protocols are vital to 

reducing contamination risks, identifying mutations in phage strains, and evaluating the 

characteristics of the phages to confirm their suitability for therapeutic purposes. If a phage is not 

strictly lytic, genetic engineering might be required to adjust it for safe use in clinical applications 

(Park et al., 2017). This matters because temperate phages can pass on virulence factors and 

genes linked to antibiotic resistance to bacterial hosts, which may worsen a patient’s condition. 

The variability among phage strains, risks of contamination, and the necessity for phages to stay 

stable during production and storage present further challenges for large-scale manufacturing. 

Moreover, phage therapy is a treatment that is highly specific to each patient and challenging to 

manufacture, unlike antibiotics. Phages specifically target specific bacterial hosts, making it 

challenging to achieve high efficiency without proper titers and identifying the bacterial strain 

responsible for the infection. While combining multiple phages into a cocktail can address phage 

specificity.  

Moreover, the human microbiome differs considerably from person to person, with variations also 

present across different diseases (Amos et al., 2021; D.-Y. Kang et al., 2023; Mills et al., 2022). 

The relationship between phages and the microbiome remains unclear, as the microbiome may 

interact with phages, reducing their effectiveness. Individual immune responses can differ even 

when patients receive the same treatment. For more effective outcomes, a cocktail with a mix of 

broad host spectrum bacteria, or personalized phage cocktail, or a combination of phage therapy 

with antibiotics may be considered. However, personalized phage therapy is not well-suited for 

large-scale production and might not yield significant profit compared to commercially 

manufactured antibiotics. Consequently, pharmaceutical companies have limited their 

investments in this field. Since phages are natural entities, controlling the market for phage 

treatments poses a challenge for any company, which could also decrease the motivation for 

pharmaceutical companies to invest in research and development. The use of phage treatment 

in clinical settings is more stringent than in the food and agricultural industries.  

There are several commercial phage cocktails available that can be used in clinical treatment. ( 

 

  



 

 34 
Table 1-2). And most of them are treatment the antibiotic resistance strains. Moreover, most of 

them are from Eliava BioPreparations in Georgia (https://phage.ge/en/products) and Microgen in 

Russia (https://www.microgen.ru/en/products/bakteriofagi). The investigation into phages is 

increasingly thorough Europe. PhageEU, founded by Proteon Pharmaceuticals, JAFRAL, and the 

PTC Phage Technology Center, was registered on July 11, 2024, and is seated in Brussels. 

PhageEU aims to influence the political and regulatory landscape in Europe, ensuring that the full 

benefits of phages are harnessed for EU citizens, patients, and farmers. The "DZIF Translational 

Phage Network" (DZIF TransPhage-Net) has undertaken the responsibility of uniting researchers, 

medical professionals, and veterinarians who share an interest in phages within Germany while 

improving interactions with pharmaceutical producers and regulatory agencies. ESCMID Study 

Group for Non-Traditional Antibacterial Therapy (ESGNTA) brings together professionals focused 

on advancing bacteriophages and non-traditional therapies for infectious diseases.  

 

  

https://phage.ge/en/products
https://www.microgen.ru/en/products/bakteriofagi
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Table 1-2 List of commercial phage cocktails 

Name treatment Manufacturer  

Phago-Pyo 

bacteriophage 

diseases caused by Staphylococcus spp., 

Streptococcus spp., different types of Escherichia coli, 

Pseudomonas aeruginosa, Proteus mirabilis and 

Proteus vulgaris.  

Eliava 

BioPreparations, 

Tbilisi, Georgia 

Phago-Intesti 

bacteriophage 

diseases caused by Shigella (Shigella flexneri 

serotype 1,2, 3, 4 and Shigella sonnei), Salmonella (S. 

paratyphi A, S. paratyphi B, S. typhimurium, S. 

enteritidis, S. choleraesuis, S. oranienburg), different 

types of Escherichia coli, Pseudomonas mirabilis, 

Pseudomonas vulgaris, Staphylococcus (S. aureus), 

Pseudomonas aeruginosa and Enterococcus spp.  

Eliava 

BioPreparations, 

Tbilisi, Georgia 

Phago-Enko 

bacteriophage 

diseases caused by Salmonella typhimurium, 

Salmonella enteritidis, Salmonella heidelberg, 

Salmonella newport, Salmonella cholerae, Salmonella 

oranienburg, Sal- monella dublin and Salmonella 

anatum; Shigella flexneri (serovars 1, 2, 3, 4) and 

Shigella sonnei (six different sero- vars), 

enteropathogenic E. coli, S. aureus, Staphylococcus 

epidermidis, and Staphylococcus saprophyticus.  

Eliava 

BioPreparations, 

Tbilisi, Georgia 

Phago-SES 

bacteriophage 

diseases caused by Staphylococci (S. aureus, S. 

epidermidis and S. saprophyticus); Streptococci 

(Strepto- coccus pyogenes, Streptococcus sanguis, 

Streptococcus sali- varius and Streptococcus 

agalactiae) and different serotypes of 

enteropathogenic E. coli serovars.  

Eliava 

BioPreparations, 

Tbilisi, Georgia 
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Phago-Staph 

bacteriophage 

diseases caused by Staphylococcus spp.  Eliava 

BioPreparations, 

Tbilisi, Georgia 

Phago-FERSISI 

bacteriophage 

diseases caused by Staphylococci and Streptococci Eliava 

BioPreparations, 

Tbilisi, Georgia 

EcoActive™ 

bacteriophage 

adherent-invasive Escherichia coli (AIEC) in Crohn's 

disease patients 

Intralytix, 

Columbia, MD, 

USA 

VRELysin™ 

bacteriophage 

vancomycin resistant Enterococci colonization in the 

gastrointestinal tract  

Intralytix, 

Columbia, MD, 

USA 

WPP-201 Venous leg ulcers caused by Pseudomonas 

aeruginosa, Staphylococci aureus, and Escherichia 

coli  

Intralytix, 

Columbia, MD, 

USA 

LBP-EC01 treat uncomplicated urinary tract infections and other 

infections caused by antibiotic-resistant Escherichia 

coli 

Locus 

Biosciences, 

Morrisville, NC, 

USA 

E.coli-Proteus 

bacteriophage 

diseases caused by bacteria Proteus and 

enterotoxigenic Escherichia coli  

Microgen, 

Moscow, Russia 

Pyobacteriophage 

polyvalent purified 

diseases caused by bacteria Staphylococcus, 

Streptococcus, Proteus, Pseudomonas aeruginosa, 

Klebsiella pneumoniae, Escherichia coli 

Microgen, 

Moscow, Russia 

Streptophage diseases caused by Streptococcus Microgen, 

Moscow, Russia 

Piophage diseases caused by Staphylococci, Streptococci, 

Enterococci, Proteus, Klebsiella pneumoniae and 

Microgen, 

Moscow, Russia  
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Klebsiella oxytoca, Pseudomonas aeruginosa and 

Escherichia coli 

Sextaphage diseases caused by staphylococci, streptococci, 

Proteus, Klebsiella, Pseudomonas aeruginosa and 

Escherichia coli 

Microgen, 

Moscow, Russia 

Intestiphage diseases of the gastrointestinal tract caused by 

bacteria of dysentery, Salmonella, Escherichia coli, 

Proteus, enterococci, staphylococci, Pseudomonas 

aeruginoza 

Microgen, 

Moscow, Russia 

1.4 Phage-bacteria interaction and viral tagging 

1.4.1 Phage-bacteria interaction 

The interaction between phages and bacteria is a complex and dynamic network that influences 

microbial evolution, ecology, and biotechnology applications. The interactions within ecosystems 

can be explained through two ecological concepts: "kill-the-winner" (KTW) and "piggyback-the-

winner" (PTW) (X. Chen et al., 2021). In the KTW model, bacteriophages target a community's 

most abundant and successful bacterial populations. This concept is based on the idea that 

rapidly growing and dominant bacterial populations become prime targets for phages. As a result, 

bacteriophages kill dominant bacteria, controlling the population and promoting biodiversity. In 

the PTW model, bacteriophages enter a lysogenic replication cycle with their bacterial hosts 

instead of killing the most successful bacterial populations. The phage integrates its DNA into the 

bacterial genome, becoming a prophage, and remains dormant within the bacterial cell. This 

allows the virus to "piggyback" on the success of the dominant bacterial population without 

destroying it (Silveira & Rohwer, 2016). These two hypotheses separately describe the 

community-level interaction between bacteria and phages with different lifecycles. 

However, when narrowing it down to the genetic level, the phage-host interaction is more complex 

than these two hypotheses. When phages are attached to the bacteria’s cell surface, the phage 

recognizes the bacteria via specific receptors, which are unique to different bacterial species or 
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strains. This means the phage only infects particular bacteria strains. After injection, there is a 

battle between phages and bacteria. The bacteria will try to eliminate the phage DNA, while the 

phages attempt to lyse the bacteria genome or integrate into the host genome. So, there are 

many anti-phage systems, including single-gene systems like AbiH, Lit, NixI, and BstA, as well as 

multi-gene systems such as CRISPR-Cas, BREX (bacteriophage exclusion), DISARM (defense 

islands system associated with RM), Dnd, and Ssp systems (Georjon & Bernheim, 2023). Out of 

21,364 fully sequenced bacterial genomes, 78% encode more than two defense systems, with 

significant variations between strains (Tesson et al., 2022). This indicates that the antiphase 

system is highly diverse and prevalent among bacteria.  

Phage-host interactions (PHI) are not always antagonistic interactions. They can also be 

mutualism and parasitism. Mutualism is for temperate phages or prophages; they integrate their 

genome into the bacteria's genome and replicate. Phages also contain some virulent factors and 

auxiliary metabolic genes (AMG), which can provide the bacterium with beneficial traits, such as 

increased virulence, antibiotic resistance, or metabolic capabilities (Hurwitz & U’Ren, 2016; Kieft, 

Zhou, et al., 2021; Thompson et al., 2011; Waldbauer et al., 2019). The lysogenic conversion of 

prophages is sometimes associated with horizontal gene transfer (HGT). This process helps 

transfer genes among bacterial community members, playing a critical role in bacterial 

populations’ genetic diversification and adaptability by acquiring new capabilities. Besides, the 

prophages can also enhance bacterial superinfection immunity, protecting the bacteria from other 

potentially harmful viral attacks (Abedon, 2022). This mutual defense benefits the host while 

allowing the prophage to persist in a stable environment. Furthermore, the interaction between 

chronic phages, such as filamentous phages, and their hosts is characterized as parasitic. This 

is because chronic phages can produce new virions without resulting in the death of the bacteria 

cell (Liang & Radosevich, 2020).  

The phage-host interaction is a complex, multi-layer interaction network involving many small 

molecules and proteins working together. However, many unsolved "dark matters" exist in the 

relationship, and the mechanism underlying the essential interactions is still unknown. More work 

needs to be done in the future. 
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1.4.2 Approaches to predict phage–host interactions  

Some experimental approaches can be used to identify the phage-host interaction (PHI), such as 

spot assays and plaque assays, liquid assays, viral tagging, microfluidic PCR, PhageFISH, single-

cell sequencing, and Hi-C sequencing (Edwards et al., 2016). Culturing phages can be 

experimentally challenging. This is because phages may require specific conditions to grow. 

Additionally, most bacteria have not yet been cultured, limiting hosts' availability. Furthermore, 

some phages, such as those that establish a lysogenic infection cycle, may be challenging to 

observe and detect. Currently, some computational tools for predicting phage host relationships 

exist, such as iPHoP (Roux et al., 2022), PhiSpy (Akhter et al., 2012), PHISDetector (Zhou et al., 

n.d.), VIBRANT (Kieft et al., 2020), etc. The predictions typically derive from molecular features 

of coevolution or an arms race between bacteriophages and their bacterial hosts. This includes 

exact matches to reference viral or host genomes, matches to host-encoded CRISPR spacers, 

and sequence composition analyses like oligonucleotide profiles (Edwards et al., 2016; Versoza 

& Pfeifer, 2022). For some community sequencing data, abundance profiles of phages and 

bacteria can be used to predict phage-host relationships according to their predator-prey 

relationship (Edwards et al., 2016; Versoza & Pfeifer, 2022). 

1.4.3 Viral tagging in phage-host interaction 

Viral tagging is a direct and targeted technique (Džunková et al., 2019; Marbouty et al., 2021). It 

uses a fluorescent dye to stain virus-like particles, which mix with the bacteria and co-incubate 

for some time. Then, flow cytometry is used to sort bacterial cells with a fluorescently labeled 

phage attached. Subsequently, DNA is extracted from the sorted viral-tagged cells for whole 

genome sequencing or single-cell sequencing (Deng et al., 2014; Džunková et al., 2019). The 

viral tagging technique can reveal novel host phage pairs, including identifying a number of novel 

pairings with Synechococcus in marine and 363 unique host–phage pairings in human stool 

(Deng et al., 2014; Džunková et al., 2019). This approach enables us to decipher relationships 

between phages and their hosts in complex natural environments. However, using original viral 

tagging to obtain the whole picture of PHIs from the complex environment could be time-

consuming and involve hard labor work. Advancements in sequencing technology, particularly 
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integrating single-cell sequencing with viral tagging, enable a comprehensive understanding of 

PHIs. 

1.5 Overview of gastrointestinal disorders  

Digestive diseases are disorders of the gastrointestinal (GI) tract, and 60 to 70 million Americans 

are affected by digestive diseases (National Institutes of Health & US Department of Health, 

2009).  According to the European Federation of Crohn's and Ulcerative Colitis Associations 

(EFCCA), there are 10 million people worldwide diagnosed with inflammatory bowel diseases 

(IBDs)(European Federation of Crohn’s and Ulcerative Colitis Associations (EFCCA), n.d), and 

among them, an estimated 2.39 million IBD patients in America(Lewis et al., 2023). IBD can be 

classified into two types, ulcerative colitis (UC) and Crohn’s disease (CD), based on different 

symptoms, inflammation patterns, and the specific location of the inflammation(Amber, 2024; Le 

Berre et al., 2023). Even though CD is more severe than UC, its global prevalence is much lower 

(Gohil & Carramusa, 2014). Le Berre et al. (Le Berre et al., 2023) estimated that the number of 

people living with UC will reach 5 million worldwide by 2023. UC is a chronic condition 

characterized by colon and rectum inflammation, and the exact causes are unclear. However, 

according to recent studies (Basha et al., 2022; Clooney et al., 2019; Federici et al., 2022; 

Kennedy et al., 2024; Mills et al., 2022), UC is linked to an imbalance in the gut microbiota and 

gut bacteriophages. Patients with a long-standing history of UC and CD will have an increased 

risk of developing colorectal cancer (CRC) (Sato et al., 2023). Colorectal cancer (CRC) is the 

fourth most frequently occurring cancer in the United States and the second most common in 

Europe, causing the second most cancer deaths after lung cancer (Colorectal Cancer Statistics | 

CDC, 2022; Colorectal_cancer_factsheet-Mar_2021.Pdf, n.d.). In 2023, an estimated 153,020 

individuals will be diagnosed with CRC, with 52,550 will die due to the disease (Siegel et al., 

2023). Although screenings and newer technologies are available, prevalence and mortality rates 

are still high, even in high-income countries (Schmitt & Greten, 2021). Colorectal cancer can be 

caused by several factors, including genetic alterations, general factors such as climate, stress, 

and education, external influences like alcohol, smoking, and radiation, as well as internal factors 

including metabolism, inflammation, and the gut microbiome (Rebersek, 2021; Schmitt & Greten, 

2021; Siegel et al., 2020). 
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1.6 Objective of this study 

In this work, I first developed a tool, RepliDec, for predicting the phage replication cycle 

(temperate, virulent, and chronic). This tool can be used to predict the lifecycle for the complete 

phage genome and fragment phage sequences assembled from metagenomic or virome data. 

Then, an integrated pipeline, RepliDec+, was also created to complement RepliDec for complex 

environments, such as a soil sample. I used RepliDec+ to predict the phage lifecycle in 

inflammatory bowel disease (IBD) patients and healthy controls to get an overview of the phage's 

impact on IBD patients. In addition, I also used RepliDec to validate whether temperate phages 

exist in commercial cocktails. 

To explore the impact of phage-bacteria interactions on IBD patients, 11 fecal samples were 

collected. Bacterial and viral resources from patients with UC, CRC, and healthy individuals were 

pooled together. Subsequently, we employed viral tagging on the cross-over infection samples to 

link bacteria with virome sources, revealing the dynamics of phage-bacteria interactions. This 

method enhances our understanding of the interactions between bacteria and their phages in 

complex natural settings, particularly during the development or progression of UC and CRC. 
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2. Material and Methods 

2.1 Development of phage lifecycle prediction tool 

2.1.1 RepliDec training dataset creation (Viral_Protein_DB) 

I have created an in-house database called Viral_Protein_DB by obtaining viral and bacterial 

genomes from the NCBI RefSeq Database (O’Leary et al., 2016) (Appendix Table 1, Appendix 

Table 2). 

Each viral genome was manually curated and classified as a prokaryotic virus based on host 

information, taxonomy, and organism name (Appendix Table 1; see ‘Manual curation’ section 

below for details). Following the curation steps, I could identify 4,596 unique prokaryotic viral 

genomes. Out of these, 4,126 viral genomes were used for further analysis, while 470 were 

reserved for test dataset 1 since their lifecycles were experimentally validated (Appendix Table 

3). The amnio acid sequences from viral genomes were predicted using Prodigal v2.6.3 (Hyatt et 

al., 2010). I utilized BACPHLIP (Hockenberry & Wilke, 2021) to forecast the replication cycles of 

these viral genomes. 

Bacterial genomes were acquired from NCBI on October 27, 2021, using the 'RefSeq' category 

set to 'reference genome' or 'representative genome' (Appendix Table 2). Prophage sequences 

were extracted from a total of 14,922 bacterial and archaea genomes using VIBRANT v1.2.1 

(Kieft et al., 2020), which utilizes neural networks of protein signatures and a unique v-score 

metric to maximize the identification of lytic viral genomes and integrated proviruses. Prophage 

proteins were predicted using VIBRANT (v1.2.1) (Kieft et al., 2020). Proteins from prophages with 

lengths greater than 80 amino acids were retained. The replication cycles of predicted prophages 

are recognized as 'Temperate'. 

In total, 419,983 proteins were found in 4,126 viral genomes, and 739,196 were found in 21,134 

prophages. I clustered them using MMseqs2 (Steinegger & Söding, 2017) (Version: 

7aade9df7475ae7c699b2074b5e4daa52e0245f1) with parameter “--cov-mode 0 --min-seq-id 

0.70 -c 0.70”) (Steinegger & Söding, 2017). 711,880 protein clusters (PCs) were generated, which 

served as the basis for calculating the likelihood required for Bayesian inference.  
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The tendency value of each protein cluster was calculated by log 𝑃&𝑋(𝐶#$%&$'()$* divided by 

log 𝑃(𝑋|𝐶*+',-$.)) where 𝑋 indicate the protein cluster. If the tendency value is greater than zero, 

the protein cluster tends to be lysogenic and vice versa. Tendency values range from -5.70 to 

4.74 for all PCs. I identified high-tendency protein clusters from this range, which must contain at 

least 100 proteins with a tendency value exceeding 4 for "Temperate" or below -3.5 for "Virulent". 

I annotated all amino acid sequences of all proteins using HMM searches against four databases: 

Pfam v34 (Mistry et al., 2021), KEGG (download date: 2022-02-01) (Kanehisa & Goto, 2000), 

VOGDB (211, https://vogdb.csb.univie.ac.at/), PHROGs (http://millardlab.org/2021/11/21/phage-

annotation-with-phrogs/) (Terzian et al., 2021) under a threshold of 1e-5 using HMMER (v3.3.2) 

(Mistry et al., 2013). To determine the function of a PC, the most frequently occurring annotations 

within a cluster were chosen as the function of the cluster. I could annotate 80% of the proteins 

in the database (930,916) (Appendix Table 5). 

Using Cytoscape (v3.9.1) (Shannon et al., 2003), I created a gene-sharing network of all genomes 

and protein clusters (PCs) based on their tendency and function.  

2.1.2 Manual curation of viral genomes 

To ensure the integrity of the training dataset utilized within RepliDec, I undertook a manual 

curation process to classify each viral genome, totaling 14,717, according to its type - whether 

eukaryotic or prokaryotic. The identification of prokaryotic viruses was conducted adhering to 

three predefined criteria: 

1. Genomes containing host information in metadata will be classified as prokaryotic viruses if the 

host belongs to bacteria or archaea. 4408 genomes meet this criterion. 

2. In my analysis of genomes with host information in metadata that does not fulfill the first criteria, 

I took into account the taxonomy and organism name. If the host is eukaryotic and the taxonomy 

includes 'Caudiviricetes' or 'phage' in the organism name, each genome undergoes a manual 

verification to confirm its type. For example, NC_055902, identified as CrAssphage cr131_1, falls 

under 'Caudiviricetes', was sourced from fecal samples, and the host is Macaca mulatta. 

Following this description and manual review, this genome will be classified as prokaryotic viruses 

despite potentially being categorized as eukaryotic viruses if the host data is solely considered. 

http://millardlab.org/2021/11/21/phage-annotation-with-phrogs/
http://millardlab.org/2021/11/21/phage-annotation-with-phrogs/
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3. When genome metadata lacks host details, I rely on taxonomy, organism names, and insights 

from the research paper. If the taxonomy is 'Caudiviricetes' and the organism name includes 

'bacteria', 'archaea', or 'phage', I verify these genomes by examining information in the research 

papers. For instance, NC_047700 - NC_047711 are uncultured phages categorized under 

'Caudiviricetes', derived from metagenomic data with unspecified hosts. While these genomes 

cannot be classified solely based on host information, the original article (Mizuno et al., 2013) 

indicates that they should be regarded as prokaryotic viruses. 

Based on the three rules, I identified 4,596 prokaryotic viral genomes. Furthermore, 470 genomes 

were excluded from the training dataset and used as test dataset 1 (Appendix Table 3). In 

summary, 4,126 viral genomes were selected for establishing Viral_Protein_DB (Appendix Table 

5). 

2.1.3 Mathematic model of RepliDec 

The Naïve Bayes Classifier technique (Rish, 2001) is based on the Bayesian theorem and is 

particularly suited for high dimensional inputs. To handle the complexity of high dimensionality, 

the Naïve Bayes classifier assumes that the features are independent of each other given a class, 

and one feature is not affected by others. 

𝑃(𝐗|𝐶/) = 	Π+01. 𝑃(𝑋+|𝐶/) 

Where X = (𝑋1	, … , 𝑋+) means the feature vector and 𝐶 is class. Here, each PC is the feature vector 

and 𝐶 is the life cycle type (k = (0,1), Virulent (𝐶1) or Temperate (𝐶3)). Based on the Bayesian 

theorem, it will be easy to calculate 𝑃(𝐶/|𝐗). 

𝑃(𝐶/|𝐗) = 	
𝑃(𝐶/)𝑃(𝐗|𝐶/)

𝑃(𝐗)  

Because the denominator is a constant, the formulation can be expressed as follows: 

𝑃(𝐶/|𝐗) 	∝ 	𝑃(𝐶/)𝑃(𝐗|𝐶/) 

By using the chain rule, the final formulation is, 

𝑃(𝐶/|𝐗) 	∝ 	𝑃(𝐶/)Π+01. 𝑃(𝑋+|𝐶/) 

Where X = (𝑋1	, … , 𝑋+) means the feature vector (PC) and 𝐶/ means two types of the replication 

cycle. 𝑃(𝐶/) is the prior probability and 𝑃(𝐶3) is the number of temperate phage genomes divided 
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by the total number of genomes in Viral_Protein_DB. 𝑃(𝐶1) is the number of virulent phages 

divided by the total number of genomes in Viral_Protein_DB.  

To avoid 𝑃(𝑋+|𝐶/) equal to 0, a small number 𝛼 was added to each feature vector (𝛼 = 1) given 

𝐶/ , and to reduce the computation complexity, base 10 log form was applied. 

log 𝑃(𝐶/|𝐗) ∝ log𝑃(𝐶/) + logΠ+01. 𝑃(𝑋+|𝐶/)	

																							∝ log𝑃(𝐶/) + logΠ+01. 𝑛+(𝐶/) + 	𝛼
𝑛+ + 	𝜆𝛼

 

Where 𝑛+(𝐶/) denotes the number of the ith feature vector in the k class and 𝜆 denotes the 

number of class (here 𝜆 = 2). 

If the log 𝑃&𝐶3((𝑋1, … , 𝑋4)* > log 𝑃&𝐶1(𝑋1, … , 𝑋4* (which 𝑗 ≤ 𝑛), the replication cycle will be labeled 

as "Temperate" or "Virulent". Based on the mathematical model, I generated a probability profile 

for each PC given two replication cycles. 

2.1.4 Test dataset preparation 

To systematically compare the performance of all tools, I use two test datasets: (a) an 

experimentally established benchmark dataset (Dataset 1) and (b) a novel representative dataset 

(Dataset 2) under both complete genomes and metagenomic assemblies conditions.  

Test dataset 1 was initially curated by Mavrich et al. (Mavrich & Hatfull, 2017) and used as the 

training dataset or test dataset in PhagePred, BAPHLIP, DeePhage, and PhaBox/PhaTYP. To 

minimize errors in the evaluation process, I refined the selection to 470 genomes. This ensured 

the inclusion only of those with experimentally validated results that align with bioinformatic 

predictions. In addition, during a manual review of these 470 genomes, two filamentous phages 

were found: salmonella phage IKe (NC_002014) and pseudomonas phage Pf3 (NC_001418). It 

is well-documented that filamentous phages are extruded from the host cell via a process that 

does not result in the death of the host (Hay & Lithgow, 2019). Thus, the replication cycles of 

these two phages have been categorized as chronic rather than virulent. Test dataset 1 contains 

207 temperate, 261 virulent, and two chronic.  

Test dataset 2 includes 610 representative NCBI phage genomes, which can represent 2920 

genomes, with no overlap with RefSeq and dataset 1 (at most 95% similarity). I generate this test 
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dataset following these steps. I retrieved (date: 20230621) prokaryotic viral genomes from NCBI 

Virus with a "Sequence Type" not equal to "RefSeq" to avoid overfitting issues. Next, I used two 

steps to remove the redundancy of these non-RefSeq viral genomes. First, I used PSI-CD-HIT 

(v4.8.1) (W. Li & Godzik, 2006) with parameter “-c 0.98 -G 1 -g 1 -aS 0.7 -prog blastn” to remove 

redundancy within the non-RefSeq genomes based on a 70% coverage and 98% identity criteria. 

Next, I eliminate redundant representative genomes from the previous step by comparing them 

with those in the RepliDec training dataset, using average nucleotide identity (ANI) computed by 

FastANI (v1.33) (Jain et al., 2018). The longest genome was designated as the representative of 

the cluster. Representative genomes from singleton clusters (containing only one genome) were 

removed, as they are unique and not suitable for use as standard test dataset genomes. In total, 

744 representative genomes were selected (cluster size ≥ 2). 

I manually checked the metadata for each of these representative genomes to confirm that they 

are prokaryotic viruses. Unfortunately, 95 genomes belonging to the marine virus AFVG (e.g., 

MN694719.1; MN694804.1; MN694809.1; MN694810.1, and so on) do not have host or taxonomy 

information. There is no other information indicating that they are bacteriophages, so they were 

removed. The remaining genomes were refined to eliminate genomes with inconsistencies in 

lifecycle predictions (Appendix Table 3). After curation, 610 representative NCBI phage genomes 

were retained. 

Test Dataset 1 and test Dataset 2 were predicted using PHACTS, BACPHLIP, PhaBOX/PhaTYP, 

DeePhage, PhageAI, and RepliDec to predict the replication cycle of these genomes.  

2.1.5 Predict benchmark lifecycle for test dataset 2 

To determine the replication cycle of these representative genomes, I employed two methods to 

verify it. Firstly, I use the same strategy developed by Mavrich et al. (Mavrich & Hatfull, 2017). I 

downloaded the conserved domain from the CDD database (available at 20230825) (M. Yang et 

al., 2020) and manually identified all conserved domains in the database containing descriptions 

related to "integrase" or "parA." Then, I predicted the amino acid sequences of each 

representative genome using Prodigal (v2.6.3; -g 11) (Hyatt et al., 2010), and checked if the 

proteins contained  “integrase” or “parA” domain using RPS-BLAST (Reverse PSI-BLAST) 

(v2.13.0) (M. Yang et al., 2020) with an e-value of 1e-5. If a genome contains one of these 
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“temperate” domains, it will be labeled as temperate; otherwise, it will be labeled as virulent. In 

addition, this method has an error rate of about 4%, according to the Mavrich article. So, I need 

to incorporate another method to confirm the replication cycle by aligning the representative 

genomes to bacteria genomes. I aligned these genomes to the NT (Sayers et al., 2022) 

prokaryotic database using BLASTn (v2.13.0) (M. Johnson et al., 2008) to identify temperate 

phages based on the prophage region. If a genome query coverage is greater than or equal to 

50% and the corresponding identity is greater than or equal to 70%, then the genome will be 

labeled as temperate; otherwise, it will be labeled as virulent. If one of the above methods labels 

the genome as temperate, the final replication cycle will be considered temperate. After manually 

comparing the results from the two methods, I found that 39 genomes can be mapped to bacteria 

genomes with high query coverage and identity (e.g., the highest reach was 56% query coverage 

and 87% identity), which did not meet the criteria to be labeled as temperate. Genomes with 

inconsistent results were removed to ensure the test dataset's accuracy and reliability. If a 

representative genome belongs to the Inoviridae family, I labeled its replication cycle as chronic 

(Appendix Table 3).  

2.1.6 Simulated test dataset  

To evaluate the performance of these tools in assembled contigs from metagenomics or virome 

data. I simulated two sets of 150bp paired-end (PE) metagenomics reads from test dataset 1 and 

test dataset 2 using ART v2.5.8 (Huang et al., 2012) (parameter: -ss HS25 -p -l 150 -f 10 -m 200 

-s 10). Then, I used fastp (S. Chen et al., 2018) to filter low-quality reads from simulated datasets 

with default parameters. Next, I assembled these reads into contig using SPAdes v3.15.2 (--meta) 

(Nurk et al., 2017), and only contigs longer than 3kb were kept for further analysis. To determine 

the replication cycle for these contigs, I aligned them back to the original genomes using 

Minimap2 (v2.1) (H. Li, 2018), and the replication cycle of a contig was assigned based on the 

most similar genomes.  

I used PHACTS (McNair et al., 2012), BACPHLIP (Hockenberry & Wilke, 2021), 

PhaBOX/PhaTYP (Shang et al., 2023), DeePhage (Wu et al., 2021) , and RepliDec to predict the 

replication cycle of the assembled contigs from the two simulated test datasets. 
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2.1.7 Evaluation metrics 

I used Sensitivity (Sn), Accuracy (Acc), F1-score, and the Matthews correlation coefficient (MCC) 

to evaluate the performance of different prediction tools, which are calculated as follows: 

𝑆𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

𝑆𝑛 = &𝑆𝑛#$%&$'()$ + 𝑆𝑛*+',-$.) +	𝑆𝑛56'7.+8*/3	

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝐹 + 𝐹𝑃 + 𝐹𝑁

=
𝑇𝑃#$%&$'()$ + 𝑇𝑁#$%&$'()$ +	𝑇𝑃*+',-$.) 	+ 𝑇𝑁*+',-$.) 	+ 𝑇𝑃86'7.+8 + 𝑇𝑁56'7.+8	

𝑁#$%&$'()$	 +	𝑁*+',-$.) +𝑁56'7.+8
 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 ∗ 𝑃𝑟𝑒 ∗ 𝑆𝑛
𝑃𝑟𝑒 + 𝑆𝑛  

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = &𝐹1 − 𝑠𝑐𝑜𝑟𝑒#$%&$'()$ + 𝐹1 − 𝑠𝑐𝑜𝑟𝑒*+',-$.) +	𝐹1 − 𝑠𝑐𝑜𝑟𝑒56'7.+8*/3 

𝑀𝐶𝐶 =
𝑐 × 𝑠 − ∑ 𝑝/9

/ × 𝑡/

P(𝑠! −Q 𝑝/!
9
/ ) × (𝑠! −Q 𝑡/!

9
/ )

 

Where TP, FN, TN, and FP denote the numbers of true positive, false negative, true negative, 

and false positive, respectively. N indicates the number of cases.  

For multiclass MCC, 𝑡/ = ∑ 𝐶+/9
+  is the number of times class k truly occurred, 𝑝/ = ∑ 𝐶/+9

+ 	is the 

number of times class k was predicted, 𝑐 = ∑ 𝐶//9
/   is the total number of samples correctly 

predicted, 𝑠 =R Q 𝐶+4
9
4

9

+
 is the total number of samples 

All the metrics were calculated using the sci-kit (v1.5.2) package (Pedregosa et al., 2011) in 

Python. The average sensitivity and average F1-score of multiclass are calculated using the 

“macro” parameter, which means calculating metrics for each lifecycle and finding their 

unweighted mean.  

2.1.8 RepliDec+ pipeline 

I have created an integrated pipeline that encompasses BACPHLIP, DeePhage, 

PhaBOX/PhaTYP, and RepliDec to manage complex microbiome environments. BACPHLIP is 

suitable for complete genomes, and DeePhage and PhaBOX/PhaTYP are suitable for incomplete 
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contigs. I developed a new script to enable DeePhage and PhaBOX/PhaTYP handle multiple 

genomes as one result for binning. I designed a scoring system based on the evaluation results 

of these four tools from two test datasets. This scoring system can assign weights to each 

prediction result and output a final reliable prediction (Figure 2-1).  

 

 

Figure 2-1 RepliDec+ pipeline.  
RepliDec+ merges multiple tools based on a scoring system to provide an reliable replication 
cycle for viral sequences. 

 

2.1.9 Detect temperate phages abundance in IBD patients using 

RepliDec+ 

I use an assemble-free strategy to assess viral abundance in patients with inflammatory bowel 

disease (IBD) using the Gut Phage database (GPD) (Camarillo-Guerrero et al., 2021) as a 

reference. Using RepliDec+, I predict the replication cycle of 142k viral genomes from the GPD 

dataset. 

The raw reads from IBD patients and healthy controls were downloaded (Appendix Table 4) 

(Norman et al., 2015). Using fastp (v0.23.2) (S. Chen et al., 2018) to remove any low-quality reads 

and adapter sequences with the following parameters: "-z 4 -n 10 -l 60 -5 -3 -W 4 -M 20 -c -g -x". 

Then, the clean reads were mapped to the GPD database using Bowtie2 (v2.3.5.1) (Langmead 

& Salzberg, 2012) with the “--sensitive-local" parameter. We assess the relative abundance of 

viral sequences across various replication cycles by measuring it in transcripts per million (TPM). 
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2.2 Detect temperate phages in commercial cocktails 

2.2.1 Commercial cocktails used in this study 

Public data from four previously analyzed cocktails (PYO97, PYO2000, PYO2014, INTESTI) were 

downloaded from NCBI (ERR2184199, ERR2184200, ERR2184201, SRR3744915) (O’Leary et 

al., 2016). These cocktails were sourced from the Eliava Institute in Georgia and sequenced as 

previously described (Villarroel et al., 2017; Zschach et al., 2015). The published raw reads were 

used in this study.   

2.2.2 Quality control and assembly 

First, PhiX sequence was removed from the raw reads of all cocktails using Bowtie2 (v2.3.5.1) ). 

PhiX sequences were identified in the following samples: PYO97 (8.43%), PYO2000 (23.07%), 

and PYO2014 (2.81%). Then, fastp (v0.23.2) (S. Chen et al., 2018) was used to control the read 

quality before the clean reads were assembled into contigs using SPAdes (--meta, v3.15.2) (Nurk 

et al., 2017). Contigs shorter than 1 kb were removed. CheckV (v0.8.1) (Nayfach et al., 2021) 

was used to remove the host region and assess the quality of the viral contigs. VirSorter2 (Guo 

et al., 2021) was also used after CheckV to identify the viral contig. For the cocktail sequences, 

two criteria were applied to ensure the assembled contig is viral: the contig quality is not equal to 

“not-determined” as assessed by CheckV, and the contig is classified as a virus by VirSorter2. 

Contigs that met these two criteria were used for future characterization analysis.  

2.2.3 Relative abundance calculation 

To estimate the viral contig's abundance within the cocktails, clean reads were mapped to the 

assembled contigs using Bowtie2 (v2.3.5.1). The number of mapped reads was calculated using 

SAMtools (v1.13) (Danecek et al., 2021). The relative abundance was calculated using the 

following formula: 

𝑅: ∗ 100

𝐿: ∗ ∑
𝑅+
𝐿+.
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In which 𝑅:  denotes the number of reads mapped to a contig, 𝐿: is the length of the contig, and 

∑ ;!
<!.  corresponds to the sum of mapped reads (𝑅+) normalised by contig length (𝐿+). 

2.2.4 Assessment of bacterial contamination  

To determine any bacterial contamination in the sequences, unmapped reads were collected after 

mapping to the contigs, which excluded host regions using CheckV (v0.8.1) (Nayfach et al., 2021). 

These unmapped reads were then classified with Kraken2 (v2.1.2) (Wood et al., 2019) using the 

MinusB (v 12_9_2022) database, providing an overview of bacterial contamination. Bacterial 

genomes with the highest number of mapped reads were retrieved from NCBI (O’Leary et al., 

2016) to validate the mapping regions alongside unmapped reads, employing Bowtie2 (v2.3.5.1). 

The genomes of Enterococcus faecium (GCF_009734005.1), Escherichia coli 

(GCF_000005845.2, GCF_000008865.2), Proteus mirabilis (GCF_000069965.1), Shigella 

flexneri (GCF_000006925.2), Pseudomonas aeruginosa (GCF_000006765.1), Serratia 

marcescens (GCF_003516165.1), and Staphylococcus aureus (GCF_000013425.1) were 

downloaded and examined, with unmapped reads mapped to each of these bacterial genomes 

using Bowtie2 (v2.3.5.1) with the “--sensitive-local" parameter. 

2.2.5 In Silico characterization of phages  

To detect if the temperate exists, RepliDec (v0.2.3.1) was used to predict the replication cycle of 

the viral contigs. The host information was predicted using iPHoP (v1.1.0) (Roux et al., 2022) with 

the default setting, and the predicted host with the highest score for each phage was assigned as 

the host. The taxonomy of viral contigs was assigned using the MMseqs2 taxonomy module 

(v13.45111) (Steinegger & Söding, 2017) with the Swiss-Prot database (release 2022_04) 

(Bairoch & Apweiler, 2000).  

2.2.6 Phylogenetic analysis of the endolysins from the cocktail 

I also investigate the endolysin diversity among these viral contigs. Endolysin genes were 

identified by annotating genes from all contigs with the PHROGs (v3) (Terzian et al., 2021) 

database using HMMER3 (v3.3.2). A phylogenetic tree was constructed using these endolysin 

proteins. The sequences of their amino acids were aligned using MAFFT (v7.505, mode: mafft-



 

 52 
linsi) (Katoh et al., 2002) , and gaps were removed by trimAl (v1.4.rev15l, -gappyout) (Capella-

Gutiérrez et al., 2009). The tree was constructed using IQ-TREE (v2.0.3) (Minh et al., 2020) with 

1000 ultrafast bootstrap replications and the WAG+R4 substitution model, as recommended by 

the ModelFinder module in IQ-TREE. The tree was visualized using iTOL (Letunic & Bork, 2021). 

2.3 Identify phage-bacteria pairs in patients with intestinal 

disorders 

2.3.1 Sample collection and preparation 

Stool samples were gathered from three ulcerative colitis patients, three colorectal cancer 

patients in the early stages (n=3), two in the late stages (n=2), and three healthy controls. My 

collaborator handled the isolation and DNA extraction from each sample to study the bacterial 

and viral communities. To obtain the viral-host relationship, the isolated bacteria and virome 

communities were pooled based on each condition and used for cross-infection studies (Table 

2-1). My collaborator used a modified version of viral tagging, previously described in Unterer et 

al. (Unterer et al., 2023) , to sort the cells containing phage with their host attached to the surface. 

Following the manufacturer's guidelines, cells sorted from viral tagging, viral DNA, and bacterial 

DNA from subjects were amplified with the Repli-G kit (150343, Qiagen), and subsequently, sent 

for sequencing. 

 

Table 2-1 List of all cross-infections samples 

HealthyBacteria + 
HealthyVLPs 

Ulcerative Colitis 
Bacteria + Healthy VLPs 

Early CRC Bacteria + 
Healthy VLPs 

Advanced CRC Bacteria 
+ Healthy VLPs 

Healthy Bacteria + 
Ulcerative Colitis VLPs 

Ulcerative Colitis 
Bacteria + Ulcerative 
Colitis VLPs 

Early CRC Bacteria + 
Ulcerative Colitis 
VLPs 

Advanced CRC Bacteria 
+ Ulcerative Colitis 
VLPs 

Healthy Bacteria +  

Early CRCVLPs 

Ulcerative Colitis 
Bacteria + Early CRCVLPs 

Early CRC Bacteria +  

Early CRCVLPs 

Advanced CRC 
Bacteria + Early 
CRCVLPs 

Healthy Bacteria + 
Advanced CRC VLPs 

Ulcerative Colitis 
Bacteria + Advanced 
CRC VLPs 

Early CRC Bacteria + 
Advanced CRC VLPs 

Advanced CRC Bacteria 

+ Advanced CRC VLPs 
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2.3.2 Native faecal metagenomes 

Raw reads from fecal metagenomes (11 samples in total) were removed PhiX (reference: 

NC_001422.1) and human (reference: GRCh38) contamination using Bowtie2 (v2.3.5.1) 

(Langmead & Salzberg, 2012) with parameter “--sensitive-local” and SAMtools (v 1.17) (Danecek 

et al., 2021). Then low-quality reads were removed using fastp (v0.23.2) (S. Chen et al., 2018) 

with parameter “-z 4 -n 10 -l 60 -5 -3 -W 4 -M 20 -c -g -x”. Clean reads from each sample were 

individually assembled using metaSPAdes (v3.15.2) (Nurk et al., 2017) with the default setting. 

Scaffolds length longer than 1kb were kept for further analysis.  

To prevent the loss of shorter scaffolds, a supplementary public human gut database was utilized 

as a reference to enhance the de novo scaffolds. Clean reads from each sample were aligned 

with the Unified Human Gastrointestinal Genome (UHGG) catalog (v2.0.2) (Almeida et al., 2021) 

using Bowtie2 (v2.3.5.1) with the “--sensitive-local" parameter. Sequences that achieved at least 

80% of the maximum mapping reads, more than 60% mapping coverage, or mapping depth 

greater than 80% of the maximum depth were preserved based on the outputs from SAMtools (v 

1.17). Retained UHGG sequences and de novo assembled scaffolds were merged by each 

sample and removed redundancy at 95% similarity using CD-HIT (v4.8.1, psi-cd-hit) (W. Li & 

Godzik, 2006) with parameter “-c 0.95 -G 1 -g 1 -aL 0.7 -aS 0.7 -circle 1”. Prophage regions of 

the non-redundancy representative sequences of each sample were annotated and identified 

using “annotate” and “find-proviruses” modules in geNomad (v1.7.4) (Camargo et al., 2024).  

To create a non-redundant catalog of representative bacterial sequences from all samples 

(referred to as NRbacteria), we merged the sequences and removed redundancies to achieve a 

similarity threshold of 95% using CD-HIT (v4.8.1, psi-cd-hit) (W. Li & Godzik, 2006) with 

parameter “-c 0.95 -G 1 -g 1 -aL 0.7 -aS 0.7 -circle 1”. Subsequently, the relative abundance was 

obtained by mapping the clean reads from each sample against to the NRbacteria with Bowtie2 

(v2.3.5.1; configured with “--sensitive-local”) and SAMtools (v1.17). The relative abundance of 

each sample was calculated by CoverM (v0.6.1) with the specified parameters “-m tpm 

covered_bases length” (B. Woodcroft, unpublished, https://github.com/wwood/CoverM). For the 

NRbacteria taxonomy assignment, the easy-taxonomy subcommand in MMseqs2 (v13.45111; 

DB: Swiss-Prot) and Kraken2 (v2.1.2; DB: MiniKraken_DB_8GB) (Wood & Salzberg, 2014) with 

the default setting were applied. MMseqs2 employs the lowest common ancestor (LCA) strategy, 

https://github.com/wwood/CoverM
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aligning with target amino acid sequences to predict taxonomy. However, Kraken2 utilizes exact-

match database queries of k-mers for taxonomy prediction, representing a distinct methodological 

approach. CRISPR was identified from NRbacteria using CRISPRidentify (v1.2.1) (Mitrofanov et 

al., 2021) for viral host prediction in future analysis. 

Additionally, a catalog of representative non-redundant prophage sequences from all samples 

(NRprophage) was created to evaluate the impact of prophages on NRbacteria and viral tagging 

samples. This process mirrors the development of NRbacteria, utilizing CD-HIT (v4.8.1, psi-cd-

hit) with the parameters "-c 0.95 -G 1 -g 1 -aL 0.7 -aS 0.7 -circle 1”. Subsequently, the cleaned 

reads from each sample were mapped to NRprophage using Bowtie2 (v2.3.5.1, “--sensitive-

local"), and the relative abundance was computed with CoverM (v0.6.1; parameter: “-m tpm 

covered_bases length”; B. Woodcroft, unpublished, https://github.com/wwood/CoverM). 

2.3.3 Virome 

Approximately 2GB of 2×150bp sequence data were obtained per sample. Raw reads from 

Virome (11 samples in total) were removed PhiX (reference: NC_001422.1) and human 

(reference: GRCh38) contamination using Bowtie2 (v2.3.5.1) with parameter “--sensitive-local” 

and SAMtools (v 1.17). Then low-quality reads were removed using fastp (v0.23.2) (S. Chen et 

al., 2018) with parameter “-z 4 -n 10 -l 60 -5 -3 -W 4 -M 20 -c -g -x”. Clean reads from each sample 

were individually assembled using metaSPAdes (v3.15.2) (Nurk et al., 2017) with the default 

setting. Scaffolds length longer than 1kb were kept for further analysis. Clean reads were mapped 

back to the assembled contigs to evaluate assemble performance using Bowtie2 (v2.3.5.1) with 

parameter “--sensitive-local” and SAMtools (v 1.17), and the average mapping rate was 91.59%.  

To further identify viral sequences, VirSorter (v1.0.6) (Roux et al., 2015) was used to identify 

putative virion contigs (VirSorter categories 1, 2, and 3) using both database options: -db 1 

(RefSeq viruses) and -db 2 (RefSeq viruses+viromes) after CheckV (v0.8.1; end-to-end) removed 

the bacteria region of assembled scaffolds.  

A non-redundancy viral contigs catalog (NRVvirome) was created to assess viral diversity within 

the subjects. Viral contigs detected with VirSorter were subjected to a dereplication process at a 

95% similarity threshold. Pairwise distances were computed using Mash (v2.3) with a k-mer size 

of 21 and a sketch size of 10000 (Ondov et al., 2019). The cluster was assigned using an in-

https://github.com/wwood/CoverM
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house script (mash_clstr.py) based on Mash-distance, and the longest sequence was kept as the 

representative of each cluster. Clean reads were mapped to NRVvirome using Bowtie2 (v2.3.5.1) 

with parameter “--sensitive-local” and SAMtools (v 1.17). The mapping rate ranges from 80.38% 

to 1.95%. The low mapping rates are caused by only 5 viral contigs identified in the sample. The 

abundance was estimated using CoverM (v0.6.1; parameter: “-m tpm covered_bases length”; B. 

Woodcroft, unpublished, https://github.com/wwood/CoverM). Viral contigs were taxonomically 

assigned using the ‘annotate’ function in geNomad (v1.7.4) (Camargo et al., 2024). All were 

classified under the categories “Caudoviricetes” and “Malgrandaviricetes” based on the latest viral 

taxonomy rules (Turner et al., 2023). iPHoP (v1.1.0) (Roux et al., 2022) was used to predict the 

viral host. 

2.3.4 Viral tagging 

Approximately 2GB of 2×150bp sequence data were obtained per sample. Reads were quality 

trimmed using fastp (v0.23.2) with parameter “-z 4 -n 10 -l 60 -5 -3 -W 4 -M 20 -c -g -x”. Reads 

were assembled using metaSPAdes (v3.15.2) with the default setting. Scaffolds length longer 

than 1kb were kept for further analysis. Approximately 99% of clean reads were recruited in 

assembled contigs calculated using Bowtie2 (v2.3.5.1, parameter “--sensitive-local”) and 

SAMtools (v 1.17). Viral contigs were identified by CheckV (v0.8.1; end-to-end) and VirSorter 

(v1.0.6), following the same steps in virome analysis. A non-redundancy viral contigs catalog from 

viral tagging (NRVvt) samples was also created at a threshold of 95% similarity using Mash (v2.3) 

(Ondov et al., 2019) with a k-mer size of 21 and a sketch size of 10000. An in-house script 

(mash_clstr.py) assigned the clusters and their representatives, utilizing Mash-distance. The 

clean reads achieved their highest mapping rate to NRVvt at 8.14% using Bowtie2 (v2.3.5.1 with 

the "--sensitive-local" parameter) and SAMtools (v1.17) due to the limited identification of viral 

contigs. 

2.3.5 Cross-assembly of virome and viral tagging 

The cross-assembly technique was employed to reconstruct viral sequences, aiming to reduce 

errors linked to low mapping rates in NRVvirome and NRVvt. Virome samples were cross-

assembled with viral tagging samples derived from the same disease group (H, UC, CRCE, and 

CRCA) using metaSPAdes (v3.15.2) with the default settings. Subsequently, the cross-

https://github.com/wwood/CoverM


 

 56 
assembled contigs were dereplicated by the disease group at a 95% similarity threshold using 

Mash (v2.3; parameter: -k 21 -s 10000) to conserve computational resources for future analysis. 

A representative for each cluster was identified through an in-house script (mash_clstr.py) based 

on Mash distance. 

2.3.6 Identification of viral sequences and viral clusters from cross-

assemblies 

To compile a detailed catalog of viral sources, I utilized NRVvirome, NRVvt, and a public human 

gut phage database (GPD) as additional resources to cross-assemble contigs. Initially, I retained 

representative cross-assembled sequences that included at least one viral gene predicted by 

CheckV (v0.8.1; end-to-end). This resulted in the preservation of 4,084 viral sequences. Next, to 

address differences caused by various assembly techniques, I incorporated NRVvirome and 

NRVvt. I aligned viral sequences from NRVvirome and NRVvt separately to the cross-assembled 

contigs of four disease groups using BLASTn (v2.13.0) (M. Johnson et al., 2008) with parameter 

“-max_target_seqs 10”. Cross-assembled contigs were retained if they met these criteria: (a) 

query coverage (qcov) was greater than 60, and (b) the percentage of identity (pct_identity) was 

greater than 85. 124 potential viral sequences were identified without any detected viral genes. 

Additionally, GPD was also used to expand the viral source in case some fragmented and low-

depth contigs were missing and hard to assemble. Clean reads from virome samples and viral 

tagging samples were mapped to GPD contigs, respectively, using Bowtie2 (v2.3.5.1) with the 

parameter “--sensitive-local” and SAMtools (v 1.17). GPD sequences were recruited into the viral 

source if the reads coverage of a sequence greater than 60 or the cover base (covbases) was 

greater than 10k. 6676 GPD sequences were recruited from reads mapping.  

A total of 10,884 viral sequences were analyzed, including 6,676 from GPD and 4,208 from cross-

assembled contigs. I first eliminated any duplicate viral sequences we identified to establish the 

viral reference for analyzing the viral tagging samples. I obtained 7,336 viral clusters (NRVcross-

assemble) using BLASTn (v2.13.0) (M. Johnson et al., 2008) and scripts from the CheckV 

repository (https://bitbucket.org/berkeleylab/checkv/src/master/). These clusters fulfill the 98% 

pairwise average nucleotide identity (ANI) and 85% minimum coverage criteria. A 98% pairwise 

ANI threshold was employed to maintain viral contigs at the strain level. I chose viral clusters 
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instead of taxonomy details due to the recent phage taxonomy classification system. According 

to geNomad (v1.7.4) (Camargo et al., 2024), most viral sequences are categorized under 

"Caudoviricetes". 

2.3.7 Host prediction of cross-assemblies 

Host information was identified using CRISPR and computational predictive software. First, data 

for non-redundant contigs from four disease groups was gathered using the public CRISPR 

database, CrisprOpenDB (downloaded on 202404, with the default database available at: 

http://crispr.genome.ulaval.ca/dash/PhageHostIdentifier_DBfiles.zip) (Dion et al., 2021). These 

non-redundant contigs were also aligned to CRISPRs from NRbacteria using BLASTn (v2.13.0) 

with the parameter “-max_target_seqs 1000.” We selected only those sequences with a 

percentage of identity (pct_identity) of 98 or higher and two or fewer mismatches 

(n_of_mismatches) as validated matches. If a CRISPR is detected from the bacteria, the 

bacteria's taxonomy is used as the host. 

Host information of GPD and other contigs cannot be assigned using CRISPR; it was assigned 

using iPHoP (v1.1.0), with a confidence score greater than 95. All ambiguous host genus names, 

such as: “UMGS680”, were manually removed. 

2.3.8 Phage-bacteria association network 

I investigated the presence of bacteria and phages in the crossover VT samples. Using Bowtie2 

(v2.3.5.1 with the parameter "--sensitive-local") and SAMtools (v1.17), I mapped the clean reads 

of these samples to NRVcross-assemble and NRbacteria to identify the viral and bacterial sources 

separately. Sequences are considered validated if they contain at least 100 mapping reads and 

have coverage greater than 10.  

Viral tagging reads can be mapped to 607 viral sequences in NRVcross-assemble. Additionally, 

I analyze the composition of these 607 viral clusters to ascertain whether the sequences are 

unique to a specific disease group, using the Python package UpSet (v0.9.0) (Lex et al., 2014) 

for visualization. Bacteria sources were chosen at the genus level to align with the predicted 

phage host from the computational tool. 208 bacteria genera were detected from VT cross-

infection samples. 

http://crispr.genome.ulaval.ca/dash/PhageHostIdentifier_DBfiles.zip


 

 58 
The reads count profile of 607 VCs and 208 bacteria genera was utilized to create association 

networks, which were calculated and visualized using the R package NetCoMi (v1.1.0) (Peschel 

et al., 2021). The centered log-ratio transformation (clr) normalization method was used, and 

"sparcc" was chosen as the measure of association. Network edges with a threshold below 0.95 

were removed to keep the association network plot clean.  

The read count profile is normalized utilizing Transcripts Per Million (TPM) as relative abundance, 

and visualization is conducted through the Python package "seaborn" (v0.13) (Waskom, 2021). 

Viral clusters were visualized as circular plots using BRIG (v0.95) (Alikhan et al., 2011) with 

default parameters. The innermost ring represents the longest and most complete reference 

contig. 

2.3.9 Statistics 

Due to the non-normally distributed characteristics of microbial data, appropriate statistical 

analyses were conducted using non-parametric tests. This included the Wilcoxon signed-rank 

test, implemented through the "wilcoxon" function in the stats module of the SciPy Python 

package (v1.14.1) (Virtanen et al., 2020). 

2.4 Code availability 

The RepliDec code is available at Github: https://github.com/deng-lab/RepliDec and 

https://github.com/pengSherryYel/RepliDec; The RepliDec+ code is available at GitHub: 

https://github.com/pengSherryYel/RepliDecPlus.  

The codes for detecting temperate phages in commercial cocktail formulations are accessible on 

GitHub.: https://github.com/deng-lab/ProphageCocktail 

The codes for identifying viral-host pairs using viral tagging are available on GitHub.: 

https://github.com/pengSherryYel/Codes_for_VT_CRC  

 

https://github.com/pengSherryYel/Replidec
https://github.com/pengSherryYel/ReplidecPlus
https://github.com/deng-lab/ProphageCocktail
https://github.com/pengSherryYel/Codes_for_VT_CRC
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3. Results 

3.1 Lifecycle prediction tool: RepliDec and RepliDec+ 

This chapter contains the results of a manuscript that has been submitted to the bioRxiv preprint 

and submitted to the journal GigaScience and is currently under review: 

Xue Peng, Mohammadali Khan Mirzaei, Jinlong Ru, Li Deng. 2024. RepliDec, a Naive Bayes 

classifier, and RepliDec+, an integrative framework for accurate phage replication cycle prediction 

in metagenomic data. GigaSicence. Under revision. 

Remarks: X.P. developed the software, constructed the database, performed the analyses, and 

drafted the manuscript. J.R. provided inputs during the software development step. M.K.M. and 

L.D. conceived and supervised the project and revised the manuscript. All authors reviewed and 

approved the manuscript. 

3.1.1 RepliDec pipeline 

The RepliDec pipeline was written in Python, and some open-source software was used: Prodigal 

(-g 11) (Hyatt et al., 2010), HMMER3 (Mistry et al., 2013), MMseqs2 (Steinegger & Söding, 2017), 

and BLASTp (M. Johnson et al., 2008). 

RepliDec follows 3 steps in its predictions (Figure 3-1):  

Step 1: RepliDec identifies the two most prevalent genes found in temperate phages: integrase 

and excisionase. These two regulatory proteins control how the phage genome inserts into and 

excises from the host genome. I retrieved all Pfams associated with integrase and excisionase, 

along with those containing pertinent descriptions, from the PFAM Database (v4). If the input is 

the phage genome, proteins from the query genomes will be predicted using Prodigal; this step 

will be bypassed if the input is a protein dataset. Subsequently, RepliDec aligns the query proteins 

with the integrase (27 Pfam families) and excisionase (3 Pfam families) using HMMER3 

(hmmsearch). If the query proteins include either of these two “temperate” markers with an e-

value less than 1e-5, the query genome is classified as 'Temperate'; otherwise, it will be 

categorized as "Virulent". 
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 Step 2: Computational replication cycle using the naïve Bayes Classifier. Not all temperate phage 

genomes possess integrase and excisionase, particularly those derived from metagenomics or 

virome data. Incomplete contigs can lead to the loss of some genes during the assembly process, 

making Step 1 less effective for such contigs. In this step, RepliDec employs proteins from RefSeq 

and prophages to mitigate the risk of missing marker proteins in fragmented contigs (greater than 

3000 bp). RepliDec aligns the query protein with the in-house Viral_Protein_DB using MMseqs2 

(easy-search) with the parameters ‘-s 7 --max-seqs 1 --alignment-mode 3 --alignment-output-

mode 0 --min-aln-len 40 --cov-mode 0 --greedy-best-hits 1’. The calculation results in two types 

of replication cycles. Then, calculate the conditional probability of 𝑃(𝐶/|𝐗), Where X = (𝑋1	, … , 𝑋+) 

means the mapped protein cluster and 𝐶/ means two types of replication cycles. If the log 𝑃(𝐶1|𝐗) 

smaller than log 𝑃(𝐶3|𝐗) 𝑠𝑜, then the query genome will be labeled as ‘Temperate’ or, it will be 

‘Virulent’. 

Step 3: Use HMMER3 (hmmsearch) and BLASTp to identify the chronic replication cycle based 

on PI-like proteins. Chronic replication cycles are found in filamentous phages, and PI-like 

proteins are highly conserved proteins despite the filamentous phage genome being highly 

diverse (Hay & Lithgow, 2019; Roux, Krupovic, et al., 2019). If proteins in the query include PI-

like proteins with an e-value below 1e-6, the query genome is classified as “Chronic”. 

If step 1 or 2 gives a “Temperate” label, the final predicted result will be labeled “Temperate”. If 

step 3 gives a “Chronic” label, the final predicted result will be labeled as “Chronic”. 
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Figure 3-1 RepliDec workflow for predicting the replication cycles of viral sequences. 

 

3.1.2 Biological features used in RepliDec 

I developed a specialized viral protein database (Viral_Protein_DB) that serves as the training 

dataset for the computational analysis in RepliDec. This database includes 1,159,179 proteins, 

comprising 419,983 proteins from 4,126 prokaryotic viral genomes and 739,196 from 21,134 

prophages identified across 14,922 bacterial and archaeal genomes. Notably, 930,916 proteins 

(about 80% in total) can be annotated in at least one of the four databases (Pfam v34, KEGG, 

VOGDB, PHROGs) at a significance level of 1e-5 using HMMER3 (Appendix Table 5). I listed 60 

of the most frequent functions in this database,  including 15 functions related to the lytic-lysogenic 

process (98,337 genes), which only account for 8.4% of genes in total (Figure 3-2 A). We detected 

some known lysogenic phage biomarkers (i.e., integrase, transposase, excisionase, resolvase, 

and recombinase) according to the previous studies (Muscatt et al., 2022; Tang et al., 2023) in 
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our database. As anticipated, the most recognized “temperate” marker gene integrase (~18.6k 

proteins), which assists phages in integrating their genomes into host genomes, is the most 

frequently occurring protein in our database, aside from the structural protein (tail protein, 19k). 

Additionally, the database includes 6,308 transposases, 5,163 resolvases, 2,931 RusA-like 

holiday junction resolvases, 1,245 excisionases, 587 UvsX-like recombinases, and 414 

recombinases. 

The database also comprises proteins involved in the lytic-lysogenic switch system, including the 

CI-CII-Cro and parABS systems. It consists of 86 CI-like proteins, 1,891 CII-like transcriptional 

activators, and 25 Cro proteins. Additionally, 758 parA proteins and 1,695 parB proteins are 

associated with the parABS system.  

Additionally, this database includes genes that not only regulate the lytic-lysogenic switch but also 

those associated with the lysis process, such as endolysin (16,358 proteins), holin (7,295 

proteins), and Rz-like spanin (4,135 proteins). These genes mentioned above represent only 

8.4% of the total genes in this database, indicating that a substantial number of genes still require 

verification. As experimental testing is unfeasible, we employed computational measurements to 

refine our search parameters (refer to the next section).  

3.1.3 Tendency of Viral_Protein_DB protein cluster 

I characterize each protein cluster's tendency based on its probability of presence in either the 

virulent or temperate phage genome. The tendency is determined by the logarithm of the 

lysogenic probability divided by the lytic probability. This enables me to assess the protein clusters 

often occurring in temperate phages. The tendency value ranges from -5.70 to 4.74. The criteria 

for defining a high tendency protein cluster are: a) the cluster must contain at least 100 proteins; 

b) a cluster with a tendency value greater than 4 is considered to have a high “Temperate” 

tendency; c) a cluster with a tendency value less than -3.5 is classified as having a high “Virulent” 

tendency. Integrase is a confirmed gene involved in the lysogenic-lysis process (Colavecchio et 

al., 2017; Smith & Jeddeloh, 2005), which exhibits a strong temperature tendency with values 

around 4.34 (Figure 3-2 B).  

The protein cluster (PC_591446) has the highest temperate value (4.74) with a cluster size equal 

to 171. Its function remains unclear, yet the strong temperate tendency suggests it is prevalent in 
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171 temperate genomes. Additionally, there are six protein clusters that show a strong 

temperature tendency, but they lack any annotations. Unfortunately, there is currently no 

experimental evidence to support that they have the potential to serve as biomarkers to predict 

the lysogenic lifecycle.  

 

 

Figure 3-2 Function annotation for Viral_Protein_DB proteins and tendency of protein 
cluster.  
(A) The distribution of 60 top frequency functions in Viral_Protein_DB; (B) High tendency protein 
cluster. Protein clusters have a minimum size of 100 and a tendency value greater than and equal 
to 4 or smaller than and equal to -5.3. The tendency value is defined as the probability of a protein 
cluster coming from temperate phages divided by the probability of the protein cluster coming 
from virulent phages in a log-transformed. 

 

I established a gene-sharing network to examine the relationship between phages with varying 

replication cycles and their associated protein clusters. This gene network consists of one large 

sub-network, two medium sub-networks, and several small sub-networks (Figure 3-3 A). 

Temperate and virulent phages are distinctly separated within the large sub-network (Figure 3-3 

B), and observing the patterns of each protein cluster reveals a clear boundary between the two 

phage types (Figure 3-3 C). Furthermore, protein clusters associated with integration and excision 
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functions are predominantly located in the temperate phages within the large sub-network (Figure 

3-3 B). 

 

 

Figure 3-3 The network between protein clusters and phages genomes.  
(A and B) a network of protein clusters showing different functions and B is approximately outlined 
as a dashed box in A and (C) a network of protein clusters showing different tendencies. Triangle 
nodes indicate phage genomes, with light green representing temperate phages and light pink 
representing virulent phages. The size of triangle nodes indicated how many protein clusters were 
connected to the phage. Round nodes indicate protein clusters. Round color nodes in A indicate 
the function of each PC and that in C indicate the tendency of each PC. Notes: protein clusters 
related to structure and DNA, RNA_and_nucleotide_metabolism are removed to decrease the 
figure's complexity.  

 

3.1.4 RepliDec performance on experimentally validated dataset (Test 

Dataset 1) 

Although RepliDec has the largest training dataset, I still need to evaluate its effectiveness in 

predicting replication cycles. I chose 470 RefSeq viral genomes that were experimentally 

validated and aligned with the bioinformatics predictions produced by Marvich (Mavrich & Hatfull, 

2017), and this dataset has been used in PhagePred, BAPHLIP, DeePhage, and 
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PhaBox/PhaTYP.  First, we compared the performance on complete genomes (Figure 3-4 A-D), 

RepDec excels among all tools, achieving high metrics: sensitivity (98.43%), accuracy (97.66%), 

F1 score (91.81%), and Matthews correlation coefficient (MCC, 95.31%). PhageAI also performs 

well across the same four measurements: sensitivity (95.71%), accuracy (93.40%), F1 score 

(95.55%), and MCC (86.91%). Conversely, DeePhage, BACPHLIP, and PhaBox/PhaTYP 

demonstrate high accuracy and MCC scores but struggle with sensitivity and F1 scores. For 

instance, DeePhage reaches 94.90% accuracy, while both BACPHLIP and PhaBox/PhaTYP 

approach near-perfect accuracy (BACPHLIP: 99.36%; PhaBox/PhaTYP: 99.15%) but exhibit low 

F1 scores (DeePhage: 63.39%; BACPHLIP: 66.40%; PhaBox/PhaTYP: 66.25%). This is 

attributed to their inability to predict the chronic replication cycle, which lowers the unweighted 

mean of the F1 score and sensitivity when calculating multiclass targets. Among all tools, 

PHACTS ranks the lowest in the four measurements. 

I also assessed the performance on fragmented contigs simulated by complete phage genomes 

from Dataset 1 to mimic metagenomic data (Figure 3-4 E-H). PhageAI was not considered in the 

simulated data due to the 100 query/day limitation, which will take a very long time to predict 

thousands of assembled contigs. RepliDec performs impressively on assembled contigs, 

achieving 96.24% accuracy and 90.82% MCC, slightly lower than PhaBox/PhaTYP, which boasts 

97.90% accuracy and 94.70% MCC. Additionally, RepliDec excels in other metrics, scoring 

75.82% in F1 score and 97.47% in MCC. DeePhage, designed for virome data, also demonstrates 

strong performance across all four metrics, with sensitivity at 64.04%, accuracy at 94.57%, F1 

score at 62.38%, and MCC at 87.61%. It accurately predicts most temperate contigs, though it 

labeled 107 as “Temperate” and incorrectly categorized 2 from chronic phages as “Virulent.” 

DeePhage tends to classify contigs as temperate, unlike BACPHLIP, which tends to label 

temperate phages as virulent. For instance, BACPHLIP misclassified 467 contigs from temperate 

phages as “Virulent” and made similar errors with chronic phages (Appendix Figure 1). Overall, 

RepliDec and phageAI excel in complete genome predictions, particularly for three types of 

replication cycles, and RepliDec also shows commendable performance in predicting fragmented 

contigs.  
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Figure 3-4 Performance of different tools in predicting the lifecycle of experimental checked 
test dataset (Test Dataset 1).  
Comparison of complete phages genomes between different tools on sensitivity(A), accuracy(B), 
f1_score(C), MCC(D). Comparison of assembled contig simulated from test dataset 1 genomes 
between different tools on sensitivity(E), accuracy(F), f1_score(G), MCC(H). 

 

3.1.5 RepliDec performance on bioinformatic predicted test dataset (Test 

Dataset 2) 

RepliDec demonstrates strong performance on test dataset 1, even though these genomes were 

not part of the training set. To prevent overfitting and ensure valid results, we created a novel 

dataset, considering that some genomes from the RepliDec training set may have been similar 

(over 98% similarity) to those in test dataset 1. To evaluate performance across all tools 

systematically and fairly, this new benchmark dataset excludes genomes from the training 

datasets of these tools. It comprises 610 representative genomes from a total of 2,920, ensuring 

each exhibits no more than 95% similarity to the others and avoids similarities with RefSeq or 

prophage sequences. I initially evaluated the performance of complete genomes. RepliDec 

achieved top scores across four metrics: sensitivity at 86.76%, accuracy at 85.57%, F1 score at 

87.31%, and MCC at 74.00%. BACPHLIP came in second with sensitivity at 59.55%, accuracy at 

83.77%, F1 score at 57.21%, and MCC at 71.69% (Figure 3-5 A-D). Interestingly, PhageAI, 

DeePhage, and PhaBox/PhaTYP performed worse on this new dataset than on test dataset 1, 
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indicating that these tools struggle with accurately predicting remote genomes, particularly novel 

phages with low similarity (95% similarity) to RefSeq, which is their training dataset. 

I evaluated the performance of these tools on simulated assemblies (Figure 3-5 E-H). A total of 

2,152 contigs, each with a minimum length of 3 kb, were assembled from test dataset 2, ranging 

from 3,860 to 387,980 bp with an average of 44,446.9 bp. All tools experienced a slight decline 

in four measurements when predicting the replication cycle of fragmented contigs compared to 

the complete genome. This indicates that the input length significantly affects prediction results. 

RepliDec outperformed all tools across all measurements (sensitivity: 66.74%, accuracy: 77.04%, 

F1 score: 70.69%, MCC: 55.87%). RepliDec accurately classified 1,184 (96.18%) temperate 

contigs, 454 (56.29%) virulent contigs, and 20 (52.63%) other contigs (Appendix Figure 2). 

DeePhage and PhaBox/PhaTYP ranked second and third in accuracy, respectively (DeePhage: 

70.26%; PhaBOX/PhaTYP: 61.94%), F1 score (DeePhage: 47.24%; PhaBOX/PhaTYP: 32.88%), 

and MCC (DeePhage: 43.54%; PhaBOX/PhaTYP: 34.23%). DeePhage correctly predicted 795 

(64.58%) temperate contigs and 717 (81.20%) virulent contigs, surpassing PhaBOX/PhaTYP, 

which predicted 720 temperate contigs and 613 virulent contigs (Appendix Figure 2 A and C). 

This suggests that DeePhage and PhaBox/PhaTYP excel at predicting virulent contigs, while 

RepliDec demonstrates high accuracy in predicting temperate contigs. 

DeePhage and PhaBox/PhaTYP handle chronic phage contigs in distinct ways; importantly, 

DeePhage predicts most chronic contigs as temperate, while PhaBox/PhaTYP categorizes them 

as virulent. This discrepancy suggests a frequent misclassification of chronic contigs across 

various tools, complicating the analysis of metagenomic and virome data. Given the widespread 

presence of chronic phages in bacteria and archaea (Roux, Krupovic, et al., 2019), neglecting 

them in metagenomic and virome data analysis is unwise, particularly in complex metagenomic 

assemblies.  

Additionally, BACPHLIP showed a significant decrease in performance compared to complete 

genomes, likely because it is primarily designed for those genomes. The fragmented nature of 

the contigs considerably affects its performance metrics (sensitivity: 38.77%, accuracy: 50.37%, 

F1 score: 30.16%, MCC: 25.65%). Lastly, PHACTS consistently underperforms, regardless of 

whether it is assessing complete genomes or simulated assembled contigs. 
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Figure 3-5 Performance of different tools in predicting the lifecycle of bioinformatic 
predicted test dataset (Test Dataset 2).  
Comparison of complete phage genomes between different tools on sensitivity(A), accuracy(B), 
f1_score(C), and MCC (D). Comparison of assembled contigs simulated from test dataset 2 
genomes between different tools on sensitivity(E), accuracy(F), f1_score(G), MCC (H). 

 

3.1.6 Temperate phage abundance in patients with Inflammatory Bowel 

Disease (IBD) using RepliDec+ 

To enhance the reliability of the replication cycle for complex metagenomics assemblies, I created 

an integrated pipeline called RepliDec+, which includes BACPHLIP, DeePhage, 

PhaBOX/PhaTYP, and RepliDec. RepliDec operates effectively in most scenarios. I utilized 

BACPHLIP, DeePhage, and PhaBOX/PhaTYP to improve performance in more complex 

situations. To prevent prediction conflicts between these tools, I developed a scoring system that 

calculates the confidence score for each input sequence’s two replication cycles 

(virulent/temperate). The weights of each tool were obtained based on the evaluation results of 

these tools from test dataset 1 and test dataset 2. RepliDec directly predicted the chronic 

replication cycle.  

Next, I use RepliDec+ to predict the abundance of phages with different lifecycles in patients with 

IBD and a healthy group. I adopt a free assembly strategy and reference the Gut Phage Database 

(GPD). Initially, I analyzed about 142k non-redundant viral genomes in the GPD. Of these, 88,851 

(62.22%) contigs were identified as Temperate, while 52,718 (36.92%) were classified as Virulent 
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and 1,240 (0.87%) were categorized as Chronic. In accordance with temperate, phages constitute 

at least 20% to 50 % of free phages in the human gut (Sausset et al., 2020).  

To investigate the role of temperate phages in human health, I further assess the abundance of 

temperate phages in 115 inflammatory bowel disease (IBD) samples by mapping them to the 

GPD database. It is evident that a greater number of patient samples with Crohn's disease (CD) 

and ulcerative colitis (UC) exhibit significantly higher abundances of temperate phages compared 

to healthy samples (Figure 3-6 A). The average abundance of temperate phages in CD patients 

is 17.18%, while in UC patients, it is 34.98%, both exceeding the levels found in the healthy cohort 

(16.42%). No statistically significant differences were identified between patients and healthy 

controls, as UC and CD patients were under different disease statuses, such as flare and early 

inactive phases.  

Some patients with UC and CD, regardless of their state being mild, moderate, or severe, 

demonstrate a significantly high abundance of temperate phages (Appendix Figure 3), suggesting 

a potential link between these phages and IBD conditions. Our analysis revealed that the average 

abundance of temperate phages for CD patients and UC patients in "Moderate," "Severe," and 

“Mild” states is 35.29% (n=21) and 29.55% (n=23) respectively, both significantly higher 

compared to healthy individuals (pCD= 0.00036 and pUC=0.0055). Most samples exhibited very 

low levels of chronic phages, except for one moderate CD patient, whose abundance was mainly 

influenced by a single contig in GPD (uvig_277057, 13.37%). These temperate phages may play 

a crucial role in the overall gut microbiota and human health. 

Patients with Ulcerative Colitis (UC) and Crohn's Disease (CD), whether their condition is mild, 

moderate, or severe, show a notably high presence of temperate phages (Appendix Figure 3). 

This suggests a possible connection between these phages and Inflammatory Bowel Disease 

(IBD). The average abundance of temperate phages is 35.29% in CD patients (n=21) and 29.55% 

in UC patients (n=23) for mild, moderate, or severe levels, both of which are significantly higher 

than in healthy individuals (pCD= 0.00036 and pUC=0.0055). Most samples had very low levels 

of chronic phages, except one moderate CD patient whose levels were primarily influenced by a 

single contig in GPD (uvig_277057, 13.37%). These phages may play an essential role in gut 

microbiota and overall human health. 
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Figure 3-6 Abundance profile in IBD and healthy cohort.  
Plots show the relative abundance of temperate phages (A), virulent phages (B), and chronic 
phages (C) in all healthy controls (household controls + healthy controls), CD, and UC samples. 
Error bars indicate the mean ± standard deviation (SD). 

 

3.2 Temperate phage sequence detection in commercial 

cocktails 

This chapter contains the results of a manuscript that has been submitted to bioRxiv preprint: 

Xue Peng, Sophie Elizabeth Smith, Wanqi Huang, Jinlong Ru, Mohammadali Khan Mirzaei, Li 

Deng. 2024. Metagenomic analyses of single phages and phage cocktails show instances of 

contamination with temperate phages and bacterial DNA. bioRxiv 2024.09.12.612727; doi: 

https://doi.org/10.1101/2024.09.12.612727 

Remarks: S.E.S. and W.H. isolated phages; S.E.S and X.P drafted the manuscript; X.P. 

performed the analyses; J.R. contributed to the analyses; M.K.M. and L.D. conceived and 

supervised the study and revised the manuscript. All authors reviewed and approved the 

manuscript. 

3.2.1 Overview of commercial phage cocktails  

Previously, the Eliava Institute sequenced four commercially available cocktails. Three of these 

are PYO cocktails (PYO97, PYO2000, and PYO 2014), which claim to target a broad spectrum 

of pathogens and are designed to treat infections related to burns, respiratory issues, 

gastrointestinal problems, and more. The fourth cocktail is the INTESTI, specifically formulated 

for gastrointestinal infections. The basic information about sequences is listed below.  
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Table 3-1 Relative abundance of temperate and virulent sequences in the four commercial 
cocktails.  

*The absolute number of contigs appears in brackets following the relative abundance values. 

 

I first investigate the taxonomy of all the assembled contigs (Figure 3-7 B), and PYO97 consisted 

of 15.21% Herelleviridae, 4.58% Straboviridae, 4.30% Schitoviridae, and 1.44% 

Autographiviridae. PYO2000 had 5.44% Schitoviridae, 1.51% Autographiviridae, 0.25% 

Microviridae, and 9.26% Straboviridae. PYO2014 was the most diverse cocktail, featuring 9.09% 

 PYO97 PYO2000 PYO2014 INTESTI 

Accession number ERR2184199 ERR2184200 ERR2184201 SRR3744915 

mean raw reads length 243 248 244 177 

Total raw reads base 2 333 659 551 629 863 716 8 673 605 455 166 115 639 

Total number of raw reads 9 575 268 2 533 708 35 454 908 938 802 

Total clean reads base 2 057 343 861 249 631 025 7 458 026 778 157 824 205 

Total number of clean 
reads 

8 492 056 1 037 354 30 694 542 863 326 

Total number of contigs 
(≥1kb) 

470 247 755 225 

Min length (bp) 1000 1005 1000 1003 

Max length (bp) 344 583 93 033 212 402 128 699 

Number of binned 
sequences 

133 55 256 82 

Number of bins 35 13 46 23 

Total number of viral 
contigs 

256 152 380 196 

Number of viral contigs 
above medium quality 

19 6 16 15 

Average length of viral 
contigs above medium 

quality (bp) 

8 5917.32 53 214.17 73 865.00 67 443.13 

Maximum length of viral 
contigs above medium 

quality (bp) 

344 583 93 033 212 402 128 699 

Median length of viral 
contigs above medium 

quality (bp) 

47 144 54 539 47 897 58 371 

Minimum length of viral 
contigs above medium 

quality (bp) 

5441 5485 38 562 28 300 

Relative abundance of 
temperate viral contigs * 

0.1674 (31) 0.0949 (4) 0.6998 (45) 1.8015 (9) 

Relative abundance of 
temperate viral contigs 
with integrase gene * 

0.0173 (2) - 0.3926 (4) - 
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Demerecviridae, 15.46% Straboviridae, 3.86% Siphoviridae, 5.64% Autographiviridae, and 3.03% 

Herelleviridae. In the INTESTI cocktail, 4.38% of the contigs were classified as Autographiviridae, 

4.45% as Straboviridae, 6.38% as Demerecviridae, 10.56% as Herelleviridae, while 48.24% 

remained of unknown taxonomy. 

Since most contigs cannot be assigned a taxonomy, I predict the host range for the cocktails 

(Figure 3-7 A). PYO cocktails are advertised to infect Staphylococcus aureus, Streptococcus spp. 

including S. pyogenes, S.sanguis, S. salivarius and S. agalactiae, E. coli, Pseudomonas 

aeruginosa, Proteus mirabilis and Proteus vulgaris. Metagenomic analysis of the phage cocktails 

showed that 39.56% of the assembled phages in the PYO97 cocktail were expected to infect 

Staphylococcus species. Additionally, 2.40% were predicted to infect Pseudomonas species, 0.27% 

Escherichia species, and 0.90% Vibrio species. For the remaining 41.07% of contigs, the host 

remains undetermined. In the PYO2000 cocktail, most contigs (12.26%) were predicted to target 

Escherichia species, while 6.10% were directed toward Pseudomonas species, and 37.64% were 

assigned to unknown hosts. Conversely, PYO2014 exhibited greater diversity, with 7.85% 

predicted to infect Escherichia species, 12.10% targeting Enterococcus species, 12.85% for 

Enterobacter,   0.23% affecting Pseudomonas species, and 9.09% infecting Proteus species. The 

host for the remaining 45.02% of contigs could not be identified. 

INTESTI cocktail is designed to combat infections in the digestive system. It reportedly includes 

phages that specifically target Shigella spp., Salmonella spp., E. coli, Proteus vulgaris, Proteus 

mirabilis, Staphylococcus aureus, Pseudomonas aeruginosa, and Enterococcus faecalis. Notably, 

53.44% of contigs could not be assigned a host. Infection predictions include 6.06% for 

Escherichia spp., 2.57% for Proteus spp., 1.46% for Staphylococcus spp., and 4.42% for 

Enterococcus spp..  

3.2.2 Temperate phage sequences are present in commercial cocktails  

The cocktails' metagenomic data were analyzed to check if they included temperate phages. 

(Table 3-1; Figure 3-7 C). RepliDec was employed to forecast the replication cycles of the viral 

contigs, resulting in 89 being categorized as temperate (Appendix Table 6). Additionally, I 

examined the presence of genes linked to a lysogenic lifecycle, such as integrases and 

excisionases. I detected 6 viral contigs containing an integrase gene – 2 in the PYO97 cocktail 
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and 4 in the PYO2014 cocktail (Figure 3-7 C; Appendix Table 6). To attain absolute certainty, a 

comparative genomic analysis was undertaken to align each of these sequences with its nearest 

bacteria and phage sequences in the NT database identified through BLASTn, and amino acid 

comparisons were conducted using Clinker (Figure 3-7 C).  

3.2.3 A low level of contamination was found in phage cocktails  

I also investigated potential bacterial contamination in the phage cocktail sequences. They are 

mainly from Escherichia coli and Shigella flexneri in the PYO cocktail sequences. In contrast, the 

INTESTI cocktail showed minimal bacterial contamination, indicating differing contamination 

levels among the cocktails. The bacterial reads mapped across the complete bacterial genome, 

implying that the sequences are not exclusively from the prophage regions of the reference 

genomes but are likely a result of contaminating DNA rather than prophages. Nevertheless, the 

number of bacterial reads remaining after quality filtering in these cocktails is low. 

3.2.4 Endolysin diversity from phage cocktails 

I also investigate the diversity of endolysins present in viral contigs from different cocktails. In 

total, 74 endolysins were detected, and the endolysin phylogenetic tree clearly shows a high level 

of diversity among these genes. Two large endolysin clades and several small clades were 

observed. One significant clade identified in this study is the phage lysozyme (PF00959). Another 

large clade is Hydrolase 2, corresponding to PF07486. Some endolysins belong to a specific 

clade, showcasing remarkable similarities at the protein level. However, it is interesting to note 

that these endolysins originate from distinct cocktails, highlighting the diversity in their sources 

despite their shared characteristics. 
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Figure 3-7 Overview analysis of four phage cocktails.  
Information regarding predicted hosts (A) and taxonomy (B) was checked for four phage cocktails. 
(C) A comparative genomic map of four temperate sequences identified in cocktail sequences 
with the most similar sequences found in the NT database. The minimum identity of connections 
between genes is 0.6. Lysogeny-related genes are labeled. (D) endolysin tree built from 
sequences from phage cocktails. 

 



 

 75 
3.3 Phage bacteria association detection using viral tagging 

in cross-over infection samples  

This chapter contains the results of a manuscript that in preparation: 

Xue Peng, Magdalena Unterer, Mohammadali Khan Mirzaei, Li Deng. 2025. Unveiling Bacteria 

and Phages Associations Using Viral Tagging on Cross-over infections samples. In preparation. 

Remarks: Unterer M conduct all the wetlab work including collecting samples and viral tagging; 

Unterer M and X Peng drafted the manuscript; X.P. performed the bioinformatic analyses and 

visualize figures; M.K.M. and L.D. conceived and supervised the study and revised the manuscript.  

3.3.1 Viral tagging in cross-over infection samples 

Fecal samples from three healthy human subjects, three individuals diagnosed with ulcerative 

colitis (UC), and patients with colorectal cancer (CRC), including three in the early stages and two 

in the advanced stage, were collected. The bacterial and viral isolates obtained from each subject 

were pooled together according to their respective disease conditions, and subsequent cross-

infection experiments were performed (Table 2-1). Utilizing the VT method established before 

(Unterer et al., 2023), 100 cells of each cross-over infection sample were sorted, and subsequent 

whole genome sequencing was conducted on these sorted cells. Since 100 cells were sorted and 

sequenced, they have highly uneven read coverage, which limits the assembly quality. To better 

understand the bacteria source, a non-redundant category of reference bacteria genomes was 

obtained from metagenome-assembled genomes (MAGs) (NRbacteria) assembled from native 

fecal metagenomes of each subject and a public bacteria database (Almeida et al., 2021, p. 

204938). In total, 106,263 reference bacteria genomes from 841 bacterial genera were obtained. 

VT reads can map to 5,341 reference bacterial genomes from 208 bacterial genera, each with 

over 100 mapping reads and coverage greater than 10.  

A similar strategy was applied to identify the viruses in VT. Because of the uneven coverage in 

VT reads, I decided to obtain the reference viral genome using multiple strategies. First, I 

conducted cross-assembly for virome, and VT reads to obtain the longer genomes. Then, an 

average of 19.31% of VT reads can map to the GPD database, so these GPD sequences can 

also be retained. Putative cross-assembly viral sequences derived from cross-assembly were 
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retained if they contained at least one viral gene identified by CheckV. Virome and VT were also 

assembled separately to minimize the effects of different assembly strategies, and viral 

sequences were identified using VirSorter and CheckV. The single-assembly viral sequences 

were aligned to the cross-assembly sequences to serve as supplementary viral sources for the 

reference viral genome.  

However, according to the new ICTV viral taxonomy classification system (Turner et al., 2023), 

all the viral genomes are identified as Caudoviricetes and Malgrandaviricetes. So, I cluster the 

viral sequences, including cross-assembly viral sequences, single-assembly viral sequences, and 

GPD sequences, into viral clusters (VCs). In total, 7336 VC at strain level (98% ANI) and 4395 

VC at species level (95% ANI) were obtained. However, phages that show high genomic similarity 

can exhibit differences in host specificity. For example, seven Bacillus subtilis phages revealed 

high nucleotide and amino acid similarity. However, the host range is slightly different (Loney et 

al., 2023). So, I focus on strain levels (98%ANI). And VT reads can map to 607 strain-level VCs. 

 

 

Figure 3-8 Examples of viral clusters detected in multiple disease conditions.  
Each ring represents scaffolded phages assembled from different disease conditions, as 
indicated by the color code in the figure legend.  

 



 

 77 
3.3.2 Bacteria profile in UC, CRC and healthy control 

The overall relative abundance of identified bacterial taxa is lower in patients than in healthy 

controls (H) (Appendix Figure 4 B). Regarding bacterial composition, Escherichia represented 

48.26% in healthy controls. However, its prevalence significantly decreased to 1.07% in ulcerative 

colitis (UC) patients. It was also observed at 3.28% in early-stage colorectal cancer (CRC) 

patients (CRCE) and at 6.47% in those with advanced-stage CRC (CRCA). Statistical analyses 

show a notable reduction of Escherichia in UC patients (p-value < 0.01) and in both early (CRCE: 

p-value < 0.01) and advanced stages (CRCA: p-value < 0.01) of CRC. 

In healthy individuals, Kluyvera had a relative abundance of 3.19%; however, this was significantly 

reduced in patients with UC, CRCE, and CRCA. Conversely, Bacteroides showed a different trend, 

with a 6.76% abundance in healthy individuals, significantly lower than in UC (16.28%, p < 0.01), 

CRCE (21.77%, p < 0.01), and CRCA (29.61%, p < 0.01). A similar trend was noted for the genera 

Prevotella and Phocaeicola. As for Bacillus, the relative abundances were 4.17% in UC, 2.28% 

in CRCE, and 1.42% in CRCA, all significantly greater than the 0.04% found in healthy individuals 

(p < 0.01). Additionally, healthy individuals had a Streptococcus abundance of 1.54%, which was 

lower than the levels observed in UC (5.22%) and CRCE (2.10%), indicating that both UC and 

CRCE are associated with elevated levels of Streptococcus compared to healthy controls. In 

addition, Elizabethkingia is a ubiquitous pathogenic bacterium (Zajmi et al., 2022) that has been 

identified in CRC patients (C.-Y. Fang et al., 2021) and detected in our treatments, both at early 

stages (2.35%) and advanced stages (3.56%), compared to ulcerative colitis (UC) patients 

(0.35%) and healthy individuals (0.97%). 

3.3.3 VT between different cross-over infection samples 

Each cross-over infection VT sample exhibits significant variation in the dominant viral cluster 

(VC). In self-infection VT, the count of high-abundance VCs is lower than the cross-infection group 

(Appendix Figure 5 A). This may result from a broader diversity of bacterial sources (Appendix 

Figure 4). Escherichia is the primary bacterial taxon in self-infection samples (Appendix Figure 5 

B). Furthermore, 29.32% (178 VCs) of the identified VCs in VT are predicted to be Escherichia 

phage, according to CRISPR and iPHoP predictions. VC 173 is one of the Escherichia phages 

that exhibit a high abundance within cross-infection samples. It is found in 52.50% of Hb-Hv, 
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indicating a strong presence in healthy individuals. However, in samples from those with gut 

dysbiosis, VC 173 is much less common: it appears in only 10.97% of CRCEb-CRCEv samples 

and just 1.44% of CRCAb-CRCAv samples. A lack of proper bacterial host strains might cause 

the low presence of VC 173 in self-infection VT from CRC patients. When using the bacterial 

source from the healthy control instead of that from CRC to cross-infect the viral source from 

patients with CRC in the early and advanced stages, VC 173 exhibited high abundance in the 

early stages, comprising 80.72% of the sample (Hb-CRCEv). In the advanced stages, its 

abundance reached 94.04% (Hb-CRCAv). These findings indicate that VC 173 is abundant in the 

viral sources of colorectal cancer (CRC) patients and targets a specific group of Escherichia 

bacteria. The lack of specific bacterial hosts in the CRC bacterial source contributes to the low 

occurrence of VC173 within self-infection samples. In addition, a lower abundance of Escherichia 

in CRCEb-CRCEv and CRCAb-CRCAv was observed (Appendix Figure 5 B). One hypothesis 

indicates that VC 173 modulates the Escherichia population within the gut. In patients with CRC, 

the elevated levels of VC 173 appear to interact with the Escherichia host, leading to dysbiosis in 

the gut microbiome. 

VC 146 is a potential phage targeting Klebsiella, primarily found in self-infections related to UC. 

It accounts for 83.16% within the UCb-UCv samples, significantly higher than in other self-

infection samples, where it appears at only 0.28% in CRCEb-CRCEv (Appendix Figure 5 B). 

Conversely, VC 146 is rarely detected in cross-infection samples from either bacteria or vial 

sources of UC, such as Hb-UCv (0.71%), CRCEb-UCv (0%), CRCAb-UCv (0.04%), UCb-Hv (0%), 

UCb-CRCEv (0%), and UCb-CRCAv (0%). These observations indicate that VC 146 and its host 

are unique pairs linked to UC. 

3.3.4 VT across various disease conditions 

Although CRISPR and iPHoP can identify specific hosts of the VCs, their ability is limited. Using 

Netcomi to discover further phage-bacteria interactions in the cross-over infection samples, I 

create microbial association networks for each disease condition. Samples of cross-over 

infections, sourced from the same bacteria, were analyzed within one association network, 

shedding light on the dynamics of phage-bacteria shifts across varying disease conditions. In 

total, 607 VCs and 208 bacterial genera were used to construct this association network. The 
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findings indicate that all cross-over infection samples contain 16 VCs and 18 bacterial genera in 

common (Figure 3-9). Notably, among the 16 VCs, 13 VCs (81.25% in total) are capable of 

infecting Escherichia by the predicted host. Additionally, VC 39 targets Citrobacter, VC 290 infects 

Salmonella, and VC 297 impacts Raoultella.  

In the healthy group, a total of 29 bacterial genera and 104 VCs formed 1,807 associations, as 

illustrated in Figure 3-9. Within this group, 56 VCs and two bacterial genera, Acinetobacter and 

Rhodoferax, stand out distinctly. Among these, 14 VCs contain the sequences only from healthy 

controls. Furthermore, four hub VCs and three hub bacterial taxa were identified from the 

association network (Table 3-2). 

VC 445 exhibits the highest eigenvector centrality among the healthy control group, 

demonstrating a value of 1. This variable is identified within the CRCEb and UCb groups, 

possessing eigenvector centrality values of 0.18 and 0.49, respectively. VC 445 shows a strong 

association with multiple bacterial hosts (adjacency value = 1), including Acinetobacter, Bacillus, 

Bacteroides, Blautia, Clostridium, Collinsella, Deinococcus, Dorea, Enterobacter, Escherichia, 

Fusicatenibacter, Massilistercora, Muricomes, Parabacteroides, Pseudomonas, Rothia, 

Salmonella, Slackia, and Streptococcus. The predicted host for VC 445 is Escherichia, which is 

consistent with the results obtained from the network analysis. A similar observation is made with 

VC 318, for which the predicted host is also Escherichia, alongside significant associations with 

Bacteroides (adjacency value = 0.83), Blautia (adjacency value = 0.82), Enterobacter (adjacency 

value = 0.83), Escherichia (adjacency value = 0.88), Fusicatenibacter (adjacency value = 1), 

Massilistercora (adjacency value = 1), Rothia (adjacency value = 0.90), and Streptococcus 

(adjacency value = 0.81), all exhibiting adjacency values above 0.8 in the Hb group. VC 39, 

recognized as one of the hub VCs, has the second-highest eigenvector centrality of 0.898 among 

all nodes within the healthy group. It demonstrates a strong association with Escherichia, 

Fusicatenibacter, Massilistercora, and Salmonella, each possessing an adjacency value of 1 

(Table 3-2; Figure 3-9 A). However, the predicted host organism is Citrobacter. 

The UCb network (Figure 3-9 B) comprises 55 bacterial genera and 136 VCs. Collectively, these 

bacteria and VCs establish a total of 4,214 associations between phage and bacteria pairs. 

Notably, three central bacterial strains exhibit extensive connections to the majority of the VC 

nodes (Table 3-2). Massilistercora demonstrates the highest eigenvector centrality score of 1, 
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indicating a strong association with 79 VCs (adjacency value = 1). Escherichia follows closely, 

with an eigenvector centrality of 0.82, showcasing robust connections to 48 VCs (adjacency value 

= 1). Furthermore, Monoglobus is linked to 35 VCs with an adjacency value exceeding 0.8. Four 

bacterial taxa, specifically Proteus, Aeromonas, Ezakiella, and Desulfotalea, are uniquely 

identified within the UC group. Additionally, 66 VCs are distinct to the UC group, of which 16 VCs 

contain sequences assembled solely from the UC. 

In contrast to the healthy cohort, CRCE (Figure 3-9 C) and CRCA (Figure 3-9 D) exhibited an 

increase in the number of bacteria and viral communities (VCs). This observation indicates a 

significant diversity of bacteria and phages among patients diagnosed with CRC. A total of 8,382 

associations were identified within the CRCE group, comprising 87 distinct bacterial taxa and 142 

VCs. Notably, 75 VCs and 25 bacterial taxa are considered unique among these. 

Desulfitobacterium, Helicobacter, and Thermotoga represent three key taxa that are exclusive to 

the CRCE. Helicobacter possesses an eigenvalue centrality of 0.80 and is associated with 124 

VCs, of which 57 VCs demonstrate medium to strong association, as indicated by adjacency 

values exceeding 0.5. Furthermore, it is significant to note that more than half of the hosts for 

these VCs remain unidentified. Fusicatenibacter, recognized as one of the hub bacterial taxa, 

exhibits a strong association with multiple VCs (62 VCs), presenting an adjacency value of 1, and 

has not been detected in the UCb and CRCAb groups. 

In the CRCA group (Figure 3-9 D), 6,212 associations are established by 81 bacterial genera and 

131 VCs. Among these, 81 VCs and 29 bacterial genera are exclusive to the CRCA, while 19 

VCs are solely derived from the CRCA. VC 1, VC 24, and VC 28 demonstrate high eigenvector 

centrality and only from CRCA without knowing their host. These three VCs demonstrate robust 

connections to Acetivibrio, Calothrix, Collimonas, Faecalimonas, Fermentimonas, 

Mageeibacillus, and Roseburia, with adjacency values exceeding 0.8. 
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Figure 3-9 VCs and bacteria differ in disease conditions. 
Phage-host association network in Hb(A), UCb(B), CRCEb(C), and CRCAb(D). 
Green edges indicate positive estimated associations, while red edges signify negative ones. 
Eigenvector centrality determines hubs (nodes with a centrality value exceeding the empirical 
95% quantile) and scales node sizes. Hubs are emphasized with bold text and borders. Node 
colors represent different categories. (E) The UpSet diagram displays how the VCs vary across 
disease conditions. 
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Table 3-2 Hub nodes have been identified within each disease group 

 Hub VC Hub bacteria taxa 

Hb VC 39, VC 243, VC 445, VC 504 Bacteroides, 

Escherichia 

Massilistercora 

UCb VC 70, VC 78, VC 85, VC 161, VC 458, VC 
523, VC 541 

Escherichia, 

Massilistercora, 

Monoglobus 

CRCEb VC 425, VC 460, VC 478  Anaerostipes, 

Deinococcus, 

Desulfitobacterium, 

Eubacterium, 

Fusicatenibacter, 

Helicobacter, 

Lacrimispora, 

Roseburia, 

Thermotoga 

CRCAb VC 1, VC 143, VC 144, VC 537, VC 590 Bulleidia,  

Erysipelatoclostridium, 

Escherichia, 

Mediterraneibacter, 

Neisseria,  

Roseburia 
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4. Discussion  

Generally, phages are thought to undergo one of three replication cycles: lytic, lysogenic, or 

chronic. Nonetheless, the specifics of phage replication mechanisms remain unclear. This 

highlights the intricacy of microbial interactions and the need for innovative research methods to 

uncover these crucial yet elusive biological processes. Currently, experimental methods remain 

the gold standard for determining the replication cycle (Edwards et al., 2016; Versoza & Pfeifer, 

2022). Testing every phage strain is impractical due to the time and effort required, coupled with 

the fact that not all phages can thrive in lab environments. While many computational tools exist, 

they predominantly predict only lytic and lysogenic cycles. This limitation can result in the 

misclassification of chronic phages, particularly when examining their lifecycle within mixed 

communities, such as those from metagenomes or viromes. To reduce the misclassification of 

chronic phages in phage-host relationship studies, I developed RepliDec, which accurately 

predicts lytic, lysogenic, and chronic cycles.  

Temperate phages, or prophages, represent the direct interactions between phages and bacteria. 

Nevertheless, a comprehensive understanding of the interaction mechanisms of temperate 

phages remains elusive. In this context, I employ RepliDec+ and RepliDec to investigate the role 

of temperate phages in real-world scenarios, particularly focusing on the gut microbiome and 

commercially available phage cocktails. Within the gut environment, phages, bacteria, archaea, 

and fungi coexist, potentially achieving a state of homeostasis. I assess the relative abundance 

of temperate phages in patients diagnosed with gastrointestinal disorders in comparison to 

healthy control subjects. Utilizing RepliDec and RepliDec+, I can more accurately evaluate the 

impact of temperate phages on gut disorders.  

Furthermore, I examine the influence of temperate phages on phage cocktails, which is one of 

the most successful applications of phages. Because prophages can facilitate the transfer of 

genetic material, potentially introducing deleterious elements in patients. Additionally, prophages 

may affect the efficacy of phage cocktails and complicate the determination of their concentrations 

during treatments. I investigate the presence of temperate phages and bacterial contamination in 

commercially available cocktails, which could provide essential insights for manufacturers and 

researchers, highlighting the need for increased scrutiny regarding temperate phages and their 

implications for the effectiveness and safety of phage therapy applications. This emphasizes the 
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necessity for rigorous screening and monitoring of temperate phages within bacteriophage 

therapy and its modification. 

One significant challenge associated with studying PHI is the identification of specific phage-host 

pairs. Accurately delineating these pairs is crucial for enhancing our comprehension of phage 

dynamics, host specificity, and the overall impact of phages on microbial communities. Although 

bacteriophages typically exhibit a relatively narrow host range, identifying all host bacterial strains 

poses a considerable challenge. Currently, experimental methodology is still the gold standard 

for recognizing PHI, with plaque assays being the most prevalent technique employed (Edwards 

et al., 2016; Nie et al., 2024). However, using bacterial strains in plaque assays is difficult, as it is 

impracticable to test every bacterial strain due to the considerable time and workload. Moreover, 

it is essential to note that not all bacterial strains can be cultured under laboratory conditions. 

Although various computational approaches exist, none have demonstrated the capacity to 

predict the comprehensive host spectrum accurately (Nie et al., 2024; Roux et al., 2022; Villarroel 

et al., 2016). Typically, predictions are limited to the genus or species level; however, phages 

infect specific bacterial strains in practice, and their efficacy can vary among different strains. For 

instance, the T4 bacteriophage is a well-documented lytic phage that infects Escherichia coli. Yet, 

not all E. coli strains exhibit susceptibility to T4, including E. coli DFB1655 L9 (Lee et al., 2018; 

Stanton et al., 2023).  

Utilizing an experimental approach employing viral tagging to identify phage-host pairs in patients 

with gastrointestinal disorders, comparing these findings to those from healthy controls. The 

adoption of viral tagging enabled me to circumvent the labor-intensive culturing processes 

typically required in laboratory settings, thereby preventing the loss of uncultured phages and 

bacteria. This modification (Unterer et al., 2023) significantly improves the capacity to capture 

phage-host pairs, thereby advancing our understanding of phage-bacteria interactions at a 

community scale. Concurrently, I developed a corresponding bioinformatics analysis workflow to 

identify phage-host pairs comprehensively. I utilized metagenomic and virome data as 

supplementary resources to construct an extensive database of bacterial and phage sources. By 

relying on the physical attachment of phages and bacteria captured through viral tagging 

techniques, I could establish the phage-host association network, elucidating the associations 

between specific phage-host pairs. This method not only enhances our understanding of phage-
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bacteria dynamics but also makes a substantial contribution to the fields of microbial ecology and 

phage therapy research. 

This study comprehensively examines the interaction between phages and bacteria, with 

particular emphasis on temperate phages and prophages. I incorporated the chronic lifecycle into 

lifecycle predictions and assessed the impact of temperate phages in both practical applications 

and clinical samples. Furthermore, applied with a modified version of the viral tagging technique, 

alongside the bioinformatics analysis framework, enables the large-scale identification of phage-

bacteria pairs without the need for culture. Such advancements may hold significant implications 

for the field of microbiology, particularly in the development of bacteriophage-based therapeutic 

applications. 

4.1 RepliDec and RepliDec+ 

4.1.1 VT across various disease conditions 

Bacteria and archaea can be quantified through 16S ribosomal RNA analysis in unknown 

communities (J. S. Johnson et al., 2019); however, quantifying bacteriophages is more 

challenging due to the absence of definitive hallmark genes (Hatfull, 2008). Moreover, 

understanding qualitative temperate phages or prophages remains a critical scientific question 

needing resolution. Currently, many software applications, such as VirSorter (Guo et al., 2021; 

Roux et al., 2015) and VIBRANT (Kieft et al., 2020), can predict the prophage regions in bacterial 

genomes. Still, fewer tools are available for predicting phage lifecycles, as this requires more 

complexity than prophage prediction. The genomic content between prophages and bacteria 

varies, including differences in GC skew (Grigoriev, 1998). Additionally, phages exhibit a higher 

gene density than bacteria (McNair et al., 2019), and prophages contain structural genes like 

capsids and tail genes, which are helpful in identifying their presence within bacterial 

chromosomes. In contrast to prophage prediction, there are fewer signals for lifecycle prediction.  

Integrase and excisionase are critical biomarkers of lysogenic phages, facilitating the integration 

and excision of prophages from bacterial genomes. The integrase enzyme identifies the 

integration site within the bacterial genome by recombining the attP (phage) and attB (bacteria) 

attachment sites, resulting in the formation of attL (left) and attR (right) sites (H. Li et al., 2018). 
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A phage is typically classified as a temperate phage when two specific biomarkers are identified 

in its sequences. While this methodology can effectively analyze the complete phage genome, it 

may lack specificity in distinguishing sequences derived from virome data. For instance, it is 

important to note that the integrase is not exclusively encoded by temperate phages; integrative 

plasmids, pathogenicity islands, and both conjugative and mobilizable elements can also encode 

this protein (Williams, 2002). Additionally, due to the mosaic feature of the phage genome, it is 

challenging to assemble them to complete the genome level from a complex environment sample. 

Instead, they are fragmented pieces from the complete phage genomes (Roux, Adriaenssens, et 

al., 2019; Smits et al., 2014). For example, CrAss-like phage (crassviruses) is discovered by 

cross-assembling reads in human fecal metagenomes (Dutilh et al., 2014). These fragmented 

sequences probably do not contain two specific biomarkers, potentially leading to incorrectly 

classifying a temperate phage sequence as virulent. Consequently, none of the existing lifecycle 

prediction tools depend only on these lysogenic phage biomarkers.  

RepliDec not only contains integrase and excisionase but also includes specific genes that have 

been utilized as biomarkers in other studies, including transposase, resolvase, and recombinase 

(Muscatt et al., 2022; Tang et al., 2023). In Mavrich’s study (Mavrich & Hatfull, 2017), researchers 

employed "ParA", a gene belonging to the ParABS system, as marker genes for identifying 

temperate phages. The ParABS system, which is found in the Mycobacterium smegmatis 

bacteriophage RedRock, facilitates the formation of stable lysogens that harbor 

extrachromosomal prophages. This stability is contingent upon the Type Ib partitioning system, 

which encodes the proteins ParA and ParB, thereby ensuring the stability of the prophage 

(Dedrick et al., 2016). RepliDec broadens its scope to include proteins associated with the 

ParABS system and proteins that play a role in the CI-CII-Cro system. The CI-CII-Cro system is 

one of the most thoroughly characterized lytic-lysogenic switch systems, in which the CI and Cro 

regulators determine the lysogenic and lytic states, respectively, functioning as a bistable genetic 

switch (Oppenheim et al., 2005; Shao et al., 2019). CII, a lysogeny-promoting protein, inhibits the 

lytic state upon activation and establishes the lysogenic state by activating transcription from three 

specific promoters (pI promoter, pRE promoter, paQ promoter) (Murchland et al., 2014; Shao et 

al., 2017). The pI promoter facilitates the expression of integrase, while the pRE promoter 

activates the transcription of the repressor CI. During the transition from lysogenic to lytic phases, 

Cro indirectly reduces CII levels, thereby activating CI transcription (Schubert et al., 2007). 
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Using the PC tendency toward temperate, RepliDec also found some proteins indirectly related 

to the lysogenic process, such as DNA methyltransferase and UvsX-like recombinase. 

Methyltransferase takes part in the lytic process with CI protein and is essential for maintaining 

prophage lysogeny. The gene for the DNA methyltransferase (DNA MTase) located in the 

lysogenic module (the gp27 gene) encoded an enzyme with homology to MTases that modify the 

N6 position of adenine (N6-methyladenine [m6A]) (Smith & Jeddeloh, 2005). The adenine 

methyltransferase (DAM) methylates the rha antirepressor gene, and once methylation is 

removed, homologous CI repressor protein becomes repressed and non-functional, leading to 

the switching to the lytic cycle (Bochow et al., 2012; Murphy et al., 2008; Smith & Jeddeloh, 2005; 

Song, 2020; Yuan et al., 2015). In addition, UvsX-like recombinase is a 44 kDa protein that forms 

helical assemblies on to single-stranded DNA (ssDNA) and mediates DNA strand exchange 

between homologous chromosomes (Farb & Morrical, 2009). From previous studies, its crystal 

structure and the overall architecture and folds closely resemble that of RecA (Gajewski et al., 

2011), which indicates that UvsX and RecA have similar functions. In SOS response, RecA binds 

to single ssDNA at the site of the lesion, forming active RecA-ssDNA complexes (RecA*) that 

promote autoproteolytic cleavage of prophage repressors as well as of the SOS repressor LexA 

(Rozanov et al., 1998). Similarly, UvsX-like recombinase can also form helical assemblies on 

ssRNA, which might also promote the prophage induction.  

4.1.2 Comparison between lifecycle prediction tools 

While seven tools exist to predict phage lifecycles, a systematic comparison among them is 

lacking. This gap arises from the limited experimental validation of phages' replication cycles. 

Currently, a phage dataset created by Mavrich et al. (Mavrich & Hatfull, 2017) and the 

Actinobacteriophages database (https://phagesdb.org/) (Russell & Hatfull, 2017) contains the 

experimentally validated lifecycle. However, the Actinobacteriophages database contains phages 

that only infect Actinobacterial hosts, leading to severe database bias when used as a training 

dataset. So, only the phage dataset created by Mavrich et al. (Mavrich & Hatfull, 2017) can be 

used as a training dataset. However, PhagePred, BAPHLIP, DeePhage, and PhaBox/PhaTYP 

utilize this dataset as a training dataset to train the machine learning model to predict the 

replication cycle. The lack of an experimental validated testing benchmark dataset makes it 

difficult to evaluate the performance of each tool fairly. 

https://phagesdb.org/
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Additionally, the original articles on these tools contain small-scale comparisons. However, the 

varied test datasets and evaluation metrics chosen by the authors complicate the comparison of 

evaluation results across the papers. To resolve this challenge, I propose a new evaluation matrix 

named the “2-2-4” framework, encompassing two datasets, two data conditions, and four 

measurements. Test dataset 1, collected by Mavrich et al. (Mavrich & Hatfull, 2017) , contains 

470 RefSeq phage genomes with experimentally validated replication cycles consistent with 

earlier in silico predictions. It contains 207 temperate, 261 virulent, and two chronic viruses 

(Appendix Table 3). To prevent overfitting issues and ensure a fair comparison of replication 

prediction tools, an extra-standard test dataset (Test dataset 2) has been created. Test dataset 2 

includes 610 representative NCBI phage genomes with no overlap with RefSeq and dataset 1. 

The maximum similarity within test dataset 2 is 95%. It comprises 328 temperate, 253 virulent, 

and 29 chronic genomes (Appendix Table 3). The two data conditions show that I assessed these 

tools at both the complete phage genome level and the fragmented contig level, utilizing simulated 

metagenomics data sourced from the two datasets individually. Due to the variability of chronic 

phages in the testing dataset relative to temperate and virulent phages, I employ four metrics: 

sensitivity (Sn), accuracy (Acc), and two comprehensive metrics—F1-score and the Matthews 

correlation coefficient (MCC). These metrics collectively offer a thorough performance 

assessment, ensuring reliable evaluation results. 

According to the evaluation results from the “2-2-4” framework, the overall performance in 

simulated contigs is worse than that in complete genomes, regardless of whether it is test dataset 

1 or test dataset 2. This indicates that the length of sequences could influence the prediction 

accuracy. Due to the mosaic feature of phages, the assembled contigs typically range from short 

fragments to nearly complete genomes (Roux, Adriaenssens, et al., 2019; Smits et al., 2014). As 

the contig length decreases, the available informative data for prediction may result in 

misclassification. Additionally, contigs from the same phages can have different prediction 

outcomes. At present, none of these tools effectively predict the replication cycle of short phage 

contigs. 

Nonetheless, employing binning techniques presents a promising approach, enabling the 

aggregation of short contigs into high-quality phage bins. For example, researchers recovered 

6,077 high-quality genomes from 1,024 viral populations via binning (Johansen et al., 2022). It is 
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uncommon to bin phage contigs into viral metagenome-assembled genomes (vMAGs), instead 

choosing viral operational taxonomic units (vOTUs) derived from clustering phage sequences. 

This is primarily due to the many bins that may encompass fragmented phage contigs, which 

prove challenging to connect as one using overlapping regions. Furthermore, these bins may also 

include other mobile genetic elements, such as plasmids, potentially leading to erroneous 

conclusions in subsequent analyses (Joachim, 2022; Maguire et al., 2020). To avoid the potential 

drawback of binning, post-processing is a crucial step after binning to remove ambiguous viral 

bins and minimize the impact of false positive phage sequences (Joachim, 2022). Binning outputs 

can be directly utilized as inputs in RepliDec. In RepliDec+, additional scripts have been created 

to ease the use of binning outputs across all included software. 

All tools performed worse on test dataset 2 compared to test dataset 1. The first dataset comes 

from RefSeq. These tools are likely trained on partial or complete RefSeq genomes, leading to 

potential overfitting. Improved performance is observed when phages closely resembling the 

genome are included in the training database. However, genomes in test dataset 2 show at most 

95% similarity with genomes in RefSeq. This suggests that they differ from the training dataset to 

some extent. They are considered "novel" phages compared to the genomes in the training data, 

which can avoid the potential issues in test dataset 1. I observed a significant drop in the four 

metrics compared to test dataset 1, particularly in the simulated contig from test dataset 2. One 

explanation is that all these tools, including RepliDec, lack robustness because of the limitation 

of the training dataset. Approximately 3,000 RefSeq genomes at most have been used as the 

training dataset in available tools, which is far less than the estimated 10^31 viruses in the world 

(Comeau et al., 2008; “Microbiology by Numbers,” 2011). And only about 500 genomes have 

been experimentally validated. This is a very small part of the entire phage population in the world. 

The limited diversity in the training dataset leads to poor prediction performance against new 

phages. Expanding this diversity is a complex task, as collecting and sequencing phages from 

environmental sources can take years. Additionally, considerable effort is required to isolate 

phages from their natural environments and their bacterial hosts, which must then undergo 

experimental validation for their replication cycles. These steps can require significant time and 

financial investment. RepliDec uses a different strategy to increase the diversity in the training 

dataset. It not only contains about 4000 RefSeq genomes but also 21,134 prophages sequences. 

Prophage sequences can significantly increase the diversity of the training dataset, as prophage 
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recombination enables the coexistence of multiple phage types (Nadeem & Wahl, 2017). So, 

RepliDec can still maintain the best performance among all the tools in all four metrics. 

Additionally, it is worth investing more effort in researching PHI, especially the lytic-lysogenic 

interaction. This focus may facilitate the identification of additional biomarkers or genes related to 

lysogenic systems, thereby enhancing the accuracy of predicting “novel” phages. 

RepliDec also has limitations because it does not take into account the co-occurrence 

relationships of proteins in the lytic-lysogenic interactions. Naïve Bayes classifier assumes that 

each protein is independent. However, numerous biological processes are regulated by the 

collective actions of multiple genes (Erez et al., 2017; Hatfull & Hendrix, 2011; Ofir & Sorek, 2018). 

For example, the proteins CI, CII, and Cro collaboratively control lysis-to-lysogeny decisions in 

phage λ (Oppenheim et al., 2005). Regrettably, RepliDec does not integrate this association into 

its predictive model, primarily due to the difficulty of quantifying the interactions of these proteins 

into mathematical models. Moreover, there is still much "dark matter" in the multi-gene interaction 

systems. 

Despite RepliDec using the largest training dataset of all available tools, many proteins still lack 

a thorough understanding of their functions. This gap in knowledge poses difficulties in correctly 

linking these proteins to specific biological processes, ultimately obstructing progress in the field. 

4.1.3 Temperate phages in IBD patients 

Phages are thought to play a vital role in both natural ecosystems and human health. They interact 

with bacterial hosts, regulate the richness and variety of bacterial populations, and affect bacterial 

metabolic processes. Phages primarily replicate through three cycles: lytic, lysogenic, and chronic 

(Hobbs & Abedon, 2016). Distinguishing between temperate and virulent phages is difficult due 

to the absence of marker genes, especially in viral contigs constructed from viromic and 

metagenomic data. Existing in silico tools struggle to accurately predict the replication cycles of 

chronic phage sequences, potentially leading to faulty predictions. Furthermore, the limited 

diversity in the training datasets used by these tools hampers their ability to reliably identify 

temperate phages that share only remote homology with the dataset. 

To address these issues, I develop RepliDec and an integrated pipeline. RepliDec+. Then, I re-

evaluated the temperate phage in patients with UC, CD, and healthy controls. The gut is a 
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complex ecosystem comprising bacteriophages, bacteria, and fungi. Investigating temperate 

phages in the gastrointestinal tract is promising, as around 80% of intestinal bacteria contain 

prophages. Additionally, studies suggest that temperate phages account for 20% to 50% of the 

free phages in the gut (Henrot & Petit, 2022; Sausset et al., 2020). From my study, I found that 

the average abundance of temperate phage in CD patients and UC patients in the "Moderate," 

"Severe," and “Mild” states was significantly higher than that in the healthy cohort.  

This aligns with findings from other studies. Research indicates that the relative abundance of 

temperate phages varies between patients with IBD and those without (Nishiyama et al., 2020). 

Specifically, the temperate bacteriophages that infect Bacteroides uniformis and Bacteroides 

thetaiotaomicron were found to be overrepresented in patients with active UC (Nishiyama et al., 

2020). Furthermore, Clooney et al. (Clooney et al., 2019) also reported an increased relative 

abundance of temperate phages in patients with UC and CD compared to healthy controls. 

Additionally, some temperate phages targeting Faecalibacterium prausnitzii exhibit higher 

occurrence and proportion in IBD patients than in healthy controls (Y. Cao et al., 2014). 

Temperate bacteriophages constitute a significant portion of the human gut microbiota and are 

likely involved in the pathogenesis of IBD. Temperate phages might kill beneficial bacteria strains 

in the gut, leading to dysbiosis of the entire microorganism population. For example, Bacteroides 

uniformis and Bacteroides thetaiotaomicron are two bacteria species that have been 

experimentally proven to be beneficial to gut homeostasis (Nishiyama et al., 2020). Researchers 

discovered that in patients with IBD, there was a greater relative abundance of phages targeting 

these two bacteria, while their hosts were under-represented (Nishiyama et al., 2020). Also, 

Faecalibacterium prausnitzii are generally less abundant in IBD patients than in healthy controls. 

There is an observed increase in the relative abundance of Faecalibacterium prausnitzii phage in 

IBD patients, indicating a potential correlation between this phage activity and the depletion of 

Faecalibacterium prausnitzii (Y. Cao et al., 2014). In addition, IBD patients often experience an 

inflammatory environment in their gut, and the inflammatory environment can increase prophage 

induction (Clooney et al., 2019; Diard et al., 2017). When prophage induction occurs, temperate 

phages shift into the lytic cycle, leading to the lysis of beneficial bacteria. This exacerbates 

dysbiosis and perpetuates the inflammatory cycle. These findings indicate that bacteriophages 

significantly contribute to the pathogenesis of IBD by attacking and removing beneficial bacteria. 
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4.2 Phage cocktails and safety 

The global surge in antibiotic-resistant (AMR) bacterial strains has renewed interest in phage 

therapy as an alternative treatment. For effective therapeutic use, phages must be strictly virulent, 

efficiently targeting the bacterial host, and ideally, they should be fully characterized without any 

virulent genes (Strathdee et al., 2023). Utilizing newly developed tools like RepliDec, I re-

examined the temperate phage fragments in four commercial cocktails. My analysis revealed that 

the PYO cocktail contains some temperate phage fragments, although their relative abundance 

is low. To date, no studies have evaluated the effects of temperate phages in these commercial 

cocktails, particularly concerning potential undesirable or harmful impacts on recipients. 

Additionally, the concentration at which these temperate phages might cause adverse effects 

remains unknown. 

It is risky to apply the temperate phage in the cocktail because they often carry some virulent 

genes and AMG, which may promote the rapid evolution of bacterial pathogens, aiding their 

adaptation to bacteria host environments and clinical treatments (Davies et al., 2016). The 

temperate phage Pf, which infects Pseudomonas, can significantly enhance the virulence of its 

host infections (Secor et al., 2020). In addition, prophages lacking virulence genes can still have 

increased virulence on host bacteria, such as bacteriophage vB_Saus_PHB21. This phage was 

isolated from epidermal samples of  Siberian tigers (Panthera tigris altaica) using a strain of 

Staphylococcus aureus (MRSA) known as SA14. Bacteriophage vB_Saus_PHB21 was a 

temperate bacteriophage belonging to the Siphoviridae family, and it did not contain any virulence 

genes. Nonetheless, integrating the PHB21 genome into the MRSA host significantly enhances 

the bacterium's cell adhesion capabilities, phagocytosis resistance, and biofilm formation. 

Consequently, this integration increased mortality rates in both Galleria mellonella and mouse 

models (D. Yang et al., 2022). 

The use of temperate phages in phage therapy is not strictly prohibited. A phage cocktail 

consisting of four temperate phages, including PHB22a, PHB25a, PHB38a, and PHB40a, isolated 

from environmental sewage, has been used to instigate biofilms and treat Methicillin-

resistant Staphylococcus aureus (MRSA) S-18 infection in animal models. Treatment with this 

phage cocktail containing Ca2+ and Zn2+ improved the survival of Galleria mellonell larvae against 

Methicillin-resistant Staphylococcus aureus (MRSA) S-18 infection. It also reduced the bacterial 
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load of tissues in mice models (X. Li et al., 2022). Furthermore, phage engineering techniques 

can be applied to temperate phages, enabling their use as lytic phages in phage cocktails. Using 

Bacteriophage Recombineering of Electroporated DNA (BRED) allows for modifying therapeutic 

phages from a temperate to a lytic state. In a case study of a cystic fibrosis patient, two engineered 

temperate phages and one lytic phage were administered, resulting in observable signs of 

recovery after six months of treatment (Payaslian et al., 2021).  

4.3 Phage-host associations with gut intestinal disease  

Identifying the page-host pair is critical during PHI studies, while the experimental method, plaque 

assays, remains the gold standard for recognizing PHI (Edwards et al., 2016; Nie et al., 2024). In 

addition, the gut interaction is a multi-layer complex network involving the mammalian host, 

bacteria, virus, and fungi. It is challenging to investigate PHI in the gut environment via 

experimental methods. Here, relying on a modified version of viral tagging (Unterer et al., 2023) 

and whole genomic sequencing, I can obtain the associations between phages and bacteria 

captured through cross-infection samples using a modified version of viral tagging and whole 

genomic sequencing. 

Numerous studies have confirmed a shift in the gut microorganisms community of patients 

compared to that of healthy individuals (Clooney et al., 2019; Duerkop et al., 2018; Loh & Blaut, 

2012; Zheng et al., 2024). However, establishing the phage bacteria pairs from the entire 

community is challenging. VT methods have been used to identify the 363 unique host–phage 

pairings from the fecal microbiome (Džunková et al., 2019). Using the VT method on cross-

infection samples, I found 607 VCs and 208 bacterial taxa and they were used to uncover phage-

bacteria associations across various disease conditions. Numerous associations were identified: 

1,807 in healthy individuals, 4,214 in UC, 8,382 in early-stage colorectal cancer (CRCE), and 

6,212 in advanced-stage CRC (CRCA). Notably, the healthy group exhibited fewer phage-

bacteria associations than those with UC and CRC. This indicates that patients tend to have more 

intricate phage-host relationships, potentially tied to gut bacterial imbalances, a condition referred 

to as dysbiosis. 

According to recent studies (Basha et al., 2022; Clooney et al., 2019; Federici et al., 2022; 

Kennedy et al., 2024; Mills et al., 2022), UC is linked to an imbalance in the gut microbiota and 
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gut bacteriophages. Compared to the healthy control, bacteria such as Acinetobacter, Klebsiella, 

Escherichia, Veillonella, Desulfovibrio, and Bacteroides; bacteriophages such as Escherichia 

phage and Enterobacteria phage and some temperate phages are enriched in UC patients (Amos 

et al., 2021; Basha et al., 2022; Clooney et al., 2019; Federici et al., 2022; Kennedy et al., 2024; 

Mills et al., 2022). Meanwhile, UC patients show a lower abundance of Faecalibacterium and 

Microviridae (Al-Bayati et al., 2023; Y. Cao et al., 2014; Z. Cao et al., 2022; Machiels et al., 2014). 

Bifidobacterium was also detected in UC patients, while their changes are not the same all the 

time. Some studies have reported a decreased trend of Bifidobacterium compared to the healthy 

control (De Caro et al., 2016; Duranti et al., 2016; Kennedy et al., 2024), while others have shown 

the opposite results (D.-Y. Kang et al., 2023; Wang et al., 2014). Most of the bacteria 

afomentioned were detected in the association network.  

Additionally, the association network identifies four bacterial taxa: Proteus, Aeromonas, Ezakiella, 

and Desulfotalea, which are unique to the UC group. Proteus are low-abundance commensals in 

the human gut with significant pathogenic potential (Hamilton et al., 2018). They are linked to a 

significant reduction in absorption processes at the small intestinal mucosal membrane, 

potentially worsening inflammation (Kanareykina et al., 1987). Aeromonas are Gram-negative 

rods known to cause a range of diseases. They can potentially trigger the development of de novo 

chronic colitis in patients without a prior history of IBD. Some case studies show that Aeromonas 

infections can mimic IBD, particularly UC when they lead to colitis (Ahishali et al., 2007). In a 

specific group of IBD patients, seven had been diagnosed with IBD before the onset of the 

Aeromonas infection, while five received their IBD diagnosis after the Aeromonas was identified 

(Pereira Guedes et al., 2023). Moreover, the abundance of Desulfovibrio was increased in cases 

of acute colitis compared to healthy controls (Rowan et al., 2010). These unique bacterial taxa 

may play a significant role in UC patients, and investigating the bacteria and viral communities 

associated with it might offer new insights for using phage therapy as a treatment option. 

Patients with a long-standing history of UC and CD will have an increased risk of developing CRC 

(Sato et al., 2023). 104 VCs and 106 bacterial taxa were identified as unique to CRC, appearing 

in both early and advanced stages. Specific bacterial taxa linked to CRC include members from 

the phyla Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria (Rebersek, 2021), as well 

as genera such as Fusobacterium, Escherichia, Bifidobacterium, Clostridium, Roseburia, and 
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Faecalibacterium (Chattopadhyay et al., 2021; Rebersek, 2021). Roseburia is identified as hub 

bacterial taxa in CRCE and CRCA. Alterations in the gut virome are evident in CRC patients 

compared to healthy controls, with significant reductions in Enterobacteria phages and 

crAssphages (Gao et al., 2021). Additionally, 22 viral genera, including Inovirus, Orthobunyavirus, 

Tunalikevirus, Phikzlikevirus, and Betabaculovirus, were found to distinguish CRC patients from 

controls (Nakatsu et al., 2018). Associations among these bacterial taxa were also identified 

within the association network, further highlighted through insights gained from VT methods. 

Using VT methods allows for identifying more phage-host associations within a community 

without requiring prior knowledge of its composition; however, this approach has certain 

limitations. First, VT can only capture phages that attach to bacterial surfaces. Phages with similar 

attachment structures may adhere to bacteria but might not necessarily infect them, making it 

premature to conclude that identified bacteria-phage pairs truly interact. Additionally, multiple 

associations were observed for certain VCs, raising the question of whether each VC infects all 

candidate bacteria or just one. VT methods alone cannot resolve this uncertainty, indicating the 

need for further analyses, such as single-cell and transcriptome sequencing. Nonetheless, the 

advantages of VT methods outweigh their limitations. 

4.4 Beyong this work  

The topic of phage-host interactions is extensive; however, this study only focuses on the phage 

replication cycles and identifies phage-bacteria association pairs from virome data using the viral 

tagging (VT) method. Utilizing RepliDec and RepliDec+, I evaluate the role of temperate phages 

in IBD patients. This research demonstrates that RepliDec and RepliDec+ can accurately predict 

phage replication cycles and highlights the critical role of temperate phages in health. Additionally, 

I investigate the presence of temperate phages within phage cocktails using RepliDec and 

successfully identify a group of temperate phage sequences. This poses a potentially challenging 

issue in selecting phage in phage cocktails. Next, I identify multiple phage-bacteria association 

pairs in bulk using a modified viral tagging (VT) technique and a computational workflow. This 

method may simplify the future characteristics of phage-bacteria pairs by bypassing culturing, 

which is especially useful for choosing phages that infect specific bacterial hosts for phage 
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cocktails. Additionally, RepliDec and RepliDec+ could assist in the preliminary characterization of 

phages to avoid the presence of temperate phages in phage cocktails.  

However, these are just the tip of the iceberg, indicating that there is much more beneath the 

surface that we have yet to explore or understand. Although many databases and tools can be 

used to study the phage-bacteria interaction and virome data, there is a lot of “dark matter” that 

can not be solved using these available sources (Santiago-Rodriguez & Hollister, 2022). New 

sequencing data is generated daily, making it essential to regularly update these databases. The 

development of novel computational tools relies on new data or advanced algorithms for analyzing 

viromic data and studying interactions, which will be crucial for enhancing our understanding of 

the role of phages in health and facilitating their extensive applications. 
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5. Conclusions and outlook  

This work presents a tool, RepliDec, along with an integrated pipeline, RepliDec+, aimed at 

improving the lifecycle prediction of phages. RepliDec outperforms other tools in the analysis of 

complete phage genomes as well as simulated metagenomic contigs. This could significantly 

facilitate a better prediction of phage lifecycle, enabling researchers to understand their behavior, 

interactions, and ecological roles more effectively. Using RepliDec+, I investigate the impact of 

temperate phages on patients with IBD, revealing that individuals with severe symptoms exhibit 

a higher abundance of temperate phages compared to healthy controls. This finding could help 

the treatment of patients suffering from IBD. Healthcare professionals may develop more effective 

strategies to improve patient outcomes and enhance the overall management of the condition. 

Although RepliDec is capable of predicting three types of lifecycle, pseudolysogeny cannot be 

predicted by any existing tools. This type of lifecycle should also be incorporated into future 

updates of RepliDec. Additionally, analyzing the genes involved in the phage replication cycle is 

essential for fully understanding these processes and may yield insights for future applications of 

phages, particularly in phage therapy  

This work also detected the presence of temperate phages in the PYO cocktail. This finding 

highlights the need for a more careful selection process of phages when formulating a phage 

cocktail. RepliDec and RepliDec+ can be used as preliminary tools to assess the phage lifecycle, 

ensuring that more appropriate phages are selected. Additionally, the introduction of temperate 

phages could have unforeseen effects on the efficacy and safety of treatments for patients. There 

is very little research about the specific effects temperate phages may have on patients receiving 

these cocktails. Therefore, it is crucial to conduct further investigations to understand these 

implications and reach a clear conclusion about their role in therapeutic applications. 

This study utilizes a modified viral tagging (VT) method to identify phage-bacteria associations in 

both patients and healthy controls, setting the stage for future research aimed at a more 

comprehensive exploration of phage-bacteria interaction pairs. However, VT technology can only 

confirm the attachment of phages to bacteria. Whether they will interact and how they will interact 

is unknown; therefore, there is a necessity for further experimental and computational studies to 

clarify this aspect. Additionally, the phage-bacteria interactions can facilitate the selection of 

phages for cocktail formulations. Future efforts should emphasize isolating and characterizing 
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these phages, and RepliDec and RepliDec+ could assist in the preliminary characterization of 

phages to avoid the presence of temperate phages in phage cocktails. 
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Appendix A: Figures 

 

Appendix Figure 1 Sankey plots comparison in test Dataset 1.  
Sankey plots show the comparison between BACHLIP(A, left) or Deephage(B, left), RepliDec (A 
and B, right), and benchmark label (A and B, middle with o as suffix) of simulate metagenomic 
contigs generated from test Dataset1.   
 

 

Appendix Figure 2 Sankey plots comparison in test Dataset 2.  
Sankey plots compare different tools with benchmark labels (ABCD, middle with o as suffix) of 
simulated metagenomic contigs generated from test Dataset 2.  DeePhage (A, left), BACHLIP (B, 
left), PhaTYP/PhaBox (B, left), and PHACTS (D, left) were on the left side, and RepliDec (all, 
right) is on the right column on all four subplots. 
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Appendix Figure 3 Abundance profile of temperate replication cycles in both the IBD and 
healthy cohorts. 
The color indicates different health statuses.  

 

 

Appendix Figure 4 Bacteria composition in CRCA, CRCE, UC, and H. 
The relative abundance of bacteria at the genus level in metagenomic fecal samples. "CRCA" 
stands for advanced CRC status, "CRCE" also represents CRC in an early stage, "UC" refers to 
ulcerative colitis, and "H" for Healthy controls. 
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Appendix Figure 5 Phage and bacteria composition in VT cross-infection samples. 
The heatmap shows the high relative abundance of phages at the strain level (98% ANI) (A) and 
bacteria (B) in VT samples. The color indicates the relative abundance. The sample names in VT 
indicate the bacteria and viral source using "b" and "v" as suffixes. "CRCA" stands for advanced 
CRC status, "CRCE" also represents CRC in an early stage, "UC" refers to ulcerative colitis, and 
"H" for Healthy controls. 
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Appendix B: Tables  

Because the table is too large to put in the Word file, the large tables are uploaded to GitHub: 

https://github.com/pengSherryYel/Data-for-Thesis. All files are under the Table folder.  

Appendix Table 1 Bacteriophage accession IDs in RefSeq used in the training dataset. 

Appendix Table 2 Bacteria and archaea accession IDs in RefSeq used in the training dataset. 

Appendix Table 3 Test datasets accession IDs. Test dataset 1 (testD1) contains 470 RefSeq viral 

genomes from Mavrich whose replication cycle was experimented validated and consistent with 

the bioinformatic prediction results; Test dataset 2 (testD2) contains 610 represented viral 

genomes (can present 2920 genomes), which shows at most 95% similarity between each other 

also not similar to RefSeq and RepliDec training dataset. 

Appendix Table 4 Sample accession in IBD study. 

Appendix Table 5 Protein annotation of training datasets. 

Appendix Table 6 Temperate phages predicted from commercial phage cocktails. 

 

 

 

 



 

 122 

Acknowledgments 

The completion of my thesis marks the end of my 3.5-year doctoral journey. As I reflect on my 

time in Germany, I feel deeply grateful. I want to sincerely thank everyone who supported and 

encouraged me throughout this process. Their invaluable guidance and assistance made this 

thesis possible. 

I would like to sincerely thank my supervisor, Prof. Dr. Li Deng, for the wonderful opportunity to 

study in her group and participate in the ITN VIROINF program. I would like to express my heartfelt 

gratitude to my second supervisors, Dr. Jinlong Ru and Dr. Mohammadali Khan Mirzaei, for their 

invaluable support throughout my doctoral journey. During my first year, Dr. Jinlong Ru guided 

me, helping me adapt to the lab and life in Germany with patience. Following that, Dr. 

Mohammadali Khan Mirzaei took over as my supervisor, guiding me through the final stages of 

my studies. His expertise and constructive feedback were crucial in shaping my research direction. 

I am very grateful that he always guides me on the project and is willing to spend time discussing 

the projects. 

I am also grateful to PD Dr. Jürgen Lassak, who kindly agreed to be the first examiner of the 

examination committee for my doctoral dissertation. I am grateful to PD Dr. Jürgen Lassak and 

Prof. Dr. Caroline Friedel for being such supportive members of the TAC meeting during my entire 

PhD journey. Their valuable suggestions have truly helped steer my studies in the right direction. 

I truly appreciate the generosity of Prof. Dr. Silke Robatzek, Prof. Dr. John Parsch, Prof. Dr. Jörg 

Nickelsen, and Prof. Dr. Dirk Metzler, who have graciously agreed to be the examiners for my 

doctoral dissertation.  

I would like to express my appreciation to my colleagues Dr. Jinling Xue, Shiqi Luo, Wanqi Huang, 

Magdalena Unterer, Kawtar Tiamani, Adrian Thaqi, and Sophie Smith for their collaboration, 

particularly in the laboratory work. I would also like to thank Hulya Ali for her assistance with all 

the documentation and for providing additional administrative support. 

I am also deeply grateful to Prof. Dr. Manja Marz, the coordinator of the VIROINF program, and 

Dr. Winfried Goettsch, who is the network manager of the VIROINF program. I also want to thank 

all the supervisors involved in the VIROINF program. They organize numerous wonderful 

workshops that provide me with an excellent opportunity to receive training as an early-stage 



 

 123 
scientist. These workshops cover various topics essential to my development in the field, including 

research methodologies, data analysis, and collaboration techniques. Participating in these 

sessions enhances my skills and knowledge and connects me with experienced professionals 

and other aspiring scientists.  

I am grateful to Prof. Dr. David L. Robertson. He gave me a great opportunity to study at the 

Centre of Virus Research (CVR) at the University of Glasgow. During my stay, I learned many 

techniques used in deep learning. I would also like to thank my colleagues at CVR, Dan Liu, 

Kieran Lamb, and Francesca Young, for supporting my secondment stay at the University of 

Glasgow.  

I also appreciate the assistance and resources provided by Helmholtz Zentrum München and 

Ludwig-Maximilians-Universität, which greatly facilitated my work and enhanced my professional 

skills. 

I have been incredibly blessed with supportive friends and family who have always encouraged 

me to pursue my goals in life. I am deeply grateful to my partner, Hanxiong Huang, for consistently 

being my rock and for providing unwavering support and encouragement. From the bottom of my 

heart, I would like to thank my parents for their love and support. I believe my father would be 

very happy to see this thesis completed if he could. 



 

 124 

List of publications 

Peng, X., Ru, J., Mirzaei, M. K., & Deng, L. (2022). RepliDec-Use naive Bayes classifier to identify 

virus lifecycle from metagenomics data. bioRxiv, 2022-07. 

Peng, X., Smith, S. E., Huang, W., Ru, J., Mirzaei, M. K., & Deng, L. (2024). Metagenomic 

analyses of single phages and phage cocktails show instances of contamination with temperate 

phages and bacterial DNA. bioRxiv, 2024-09. 

Luo, S., Ru, J., Mirzaei, M. K., Xue, J., Peng, X., Ralser, A., ... & Deng, L. (2023). Gut virome 

profiling identifies an association between temperate phages and colorectal cancer promoted by 

Helicobacter pylori infection. Gut Microbes, 15(2), 2257291. 




