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Abstract: The rising global incidence of colorectal cancer (CRC) necessitates a shift toward a functional 

understanding of the intestinal ecosystem. Although the microbiome is implicated in oncogenesis, most 

studies rely on relative abundance metrics, which are vulnerable to compositionality bias. To address this 

limitation, this overview of systematic reviews (Umbrella Review) synthesized evidence from 28 systematic 

reviews and meta-analyses published between 2021 and 2026, adapting the PRISMA 2020 guidelines for 

secondary evidence synthesis. By integrating published Mendelian Randomization (MR) findings to appraise 

causal relationships and summarizing evidence from absolute abundance frameworks, a robust taxonomic 

consensus was established. Specifically, Fusobacterium nucleatum (Beta: 0.42) was identified as a causal 

driver, whereas Faecalibacterium prausnitzii (Beta: -0.35) demonstrated a significant causal protective role. 

Furthermore, multi-kingdom networks revealed that viral families (Microviridae) modulate bacterial fitness 

and host oncogenes (PCSK5). Absolute abundance approaches have been reported to achieve superior 

diagnostic performance, with AUC values up to 0.99 in retrospective settings. Ultimately, this synthesis 

HIGHLIGHTS 

• Causal evidence identifies F. nucleatum and B. fragilis as core drivers of CRC. 

• Mendelian Randomization confirms F. prausnitzii as a causal protective agent. 

• Multi-kingdom networks reveal critical viral-bacterial synergies in oncogenesis. 

• The One Health roadmap links Western diets to systemic microbial DNA damage. 
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highlights promising frameworks for next-generation CRC screening, showing that integrating absolute 

quantification with multi-kingdom networks holds strong translational potential, though rigorous clinical 

validation across diverse populations remains necessary to confirm diagnostic utility. 

Keywords: Colorectal Neoplasms; Gut Microbiota; Multi-kingdom Interactions; Quantitative Microbiome 

Profiling (QMP); Metagenome Pipeline. 

INTRODUCTION  

Despite significant advances in clinical oncology, colorectal cancer (CRC) remains the third most 
diagnosed malignancy and the second leading cause of cancer-related mortality worldwide, with 
approximately 1.9 million new cases and over 900,000 deaths annually [1]. The transition from a healthy 
colonic mucosa to an invasive carcinoma typically unfolds over decades and is classically described as a 
multistep process, driven by the accumulation of genetic and epigenetic alterations. This paradigm, however, 
is being increasingly challenged by the alarming global rise in early-onset CRC diagnosed in individuals 
younger than 50 years of age, now estimated at more than 184,000 cases worldwide [1,2]. This shift is 
clinically relevant because early-onset gastrointestinal cancers are among the fastest-rising cancer types in 
several regions and may present distinct pathological patterns and a more aggressive course [2,3]. 

While established risk factors such as age and familial predisposition remain central to CRC risk 
stratification, converging evidence implicates the human gut microbiome as an active contributor to oncogenic 
progression across all age groups [1,2,4]. In younger populations, the increase in CRC incidence has been 
linked to metabolic dysregulation and broader perturbations in the intestinal ecosystem, potentially driven by 
contemporary environmental exposures and low-quality dietary patterns [2,5]. Current research 
conceptualizes the microbiome not as a passive correlation, but as a dynamic ecological network influenced 
by ultra-processed diets and sedentary behavior, with plausible mechanistic links to early tumor initiation 
[4,5]. 

Understanding microbiome-associated pathways through high-resolution metagenomic approaches has 
become increasingly important, as microbial community structure and function can shape tumor biology and 
modulate host response to therapy [4]. These effects may be mediated, in part, by secreted bacterial factors, 
including nucleomodulins, which can access the host nucleus and influence transcriptional and epigenetic 
programs in colonocytes [6]. By inducing promoter hypermethylation of tumor suppressor genes, these 
pathogens can exert a lasting impact on host cell physiology even after the initial microbial insult has been 
cleared [6]. 

Nevertheless, the clinical utility of metagenomics has been limited by the compositionality problem, in 
which relative abundance measures can obscure the true biological thresholds for such high-impact 
pathogens. Large-scale studies indicate that fecal microbial load is a major source of microbiome variation, 
and that relying on relative microbiome profiles (RMP) may inflate or attenuate the abundance of disease-
associated taxa depending on changes in overall biomass [7]. In CRC, this issue is particularly relevant 
because total microbial burden can differ meaningfully between patients and controls, supporting a shift 
toward quantitative microbiome profiling (QMP) to reduce density-driven bias [7]. 

Operationalizing QMP in clinical and population settings requires robust absolute quantification 
strategies, such as the Melody framework [8], which provides more stable and accurate estimates of the total 
microbial load by accounting for underlying density variations. The transition from relative to absolute metrics 
establishes a robust foundation for non-invasive diagnostics. Such frameworks facilitate the detection of 
subtle ecological perturbations and low-abundance pathogenic signatures, addressing a critical gap as early-
onset CRC incidence rises, and conventional screening remains underutilized. 

A comprehensive understanding of gut ecology requires extending beyond bacteria. The intestinal 
virome, particularly bacteriophages, constitutes a substantial yet incompletely characterized component of 
the ecosystem, with the capacity to modulate bacterial community structure, virulence potential, and 
downstream host immune responses. This broader perspective is consistent with a One Health framework, 
in which environmental exposures, such as Westernized dietary patterns and recurrent antibiotic use, can 
reshape gut ecology at the population level. Such exposures have been increasingly linked to the global rise 
in early-onset cases [2,4]. In contrast, fermentation of dietary fiber into short-chain fatty acids (SCFA) remains 
a key protective axis, supporting epithelial integrity and immunometabolic homeostasis. 

Dietary fibers are fermented by the gut microbiota into SCFA, such as butyrate, which function as key 
metabolites within the colonic microenvironment. These metabolites provide a protective effect by directly 
inducing apoptosis in malignant colonocytes and modulating the activity of tumor-associated macrophages, 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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thereby suppressing the pro-inflammatory signals that otherwise facilitate tumor growth [9]. This crosstalk 
between diet-derived metabolites and immune cell polarization is central to mucosal homeostasis. These 
environmental pressures trigger a cascade of dysbiosis and chronic inflammation that facilitates the transition 
from adenoma to carcinoma. 

One of the primary challenges in microbiome research involves distinguishing between causal driver 
pathogens and opportunistic passenger bacteria that merely thrive within the tumor microenvironment (TME). 
Proving causality in human populations remains difficult because observational studies are often limited by 
confounding factors and the risk of reverse causation [10]. However, methodologies such as Mendelian 
Randomization have provided a robust approach to these hurdles. By using genetic variants as instrumental 
variables, this framework enables evaluation of causal relationships between specific gut microbiota and 
various cancer types, bypassing many of the biases inherent in traditional research [10,11]. 

This statistical approach has successfully identified significant causal associations between genetic 
liability in the gut microbiome and cancer risk, confirming that certain taxa are active participants in 
oncogenesis rather than secondary inhabitants [11]. By integrating these causal estimates with multi-kingdom 
interaction networks and high-resolution metabolic profiling, a comprehensive roadmap for early detection 
can be built. Such an integration serves as an analytical atlas for identifying high-risk microbial signatures, 
providing the necessary foundations for personalized screening and preventive strategies in colorectal 
oncology [10]. 

The integration of these disparate data sources is the cornerstone of the next generation of non-invasive 
diagnostic tools. As we transition toward personalized metagenomics, the challenge lies in translating 
complex ecological data into actionable insights for bedside use. The objective of this study is to synthesize 
state-of-the-art meta-analytic evidence to establish a multi-kingdom, functional roadmap of the colorectal 
cancer-associated microbiome. By integrating taxonomic consensus, metabolic correlation heatmaps, multi-
kingdom interaction networks, and Mendelian Randomization causal estimates, we seek to validate a robust 
framework for early detection and provide a causal basis for personalized metagenomic diagnostics in 
colorectal oncology. 

MATERIAL AND METHODS 

This study was structured as an Overview of Systematic Reviews (Umbrella Review) to synthesize high-
level secondary evidence. The literature search, screening, and selection processes were documented in 
accordance with the PRISMA 2020 guidelines [12]. While PRISMA2020 is designed for primary studies, its 
checklist and flow diagram were appropriately adapted to ensure methodological transparency in this 
secondary synthesis of meta-analyses. The flow diagram was generated using the PRISMA2020 Shiny app 
[13], a web-based tool designed to produce publication-quality flowcharts that ensure transparency in 
evidence synthesis (Figure 1). Data on the identification, screening, and inclusion of records were entered 
into the application using standardized templates to visualize record attrition throughout the review process. 

A systematic search was conducted in the PubMed (MEDLINE) database to identify relevant literature. 
The search utilized a combination of indexed MeSH (Medical Subject Headings) terms and specific keywords: 
("Metagenomics"[MeSH] OR "Gastrointestinal Microbiome"[MeSH] OR "RNA, Ribosomal, 16S"[MeSH] OR 
"shotgun metagenomics" OR "16S rRNA") AND ("Colorectal Neoplasms"[MeSH] OR "Colorectal Cancer" OR 
"CRC"). 

To ensure the incorporation of state-of-the-art evidence, the selection process was guided by defined 
eligibility filters. Inclusion was restricted to: 

 
 Study Type: Meta-analysis and systematic reviews. 
 Timeline: Published between January 2021 and February 2026. 
 Language: English. 
 Subjects: Human-only studies. 
 Availability: Free full-text articles to guarantee transparency and reproducibility. 

 
Preprints were strictly excluded to prioritize peer-reviewed findings and maintaining high methodological 

standards. 
The initial search yielded 30 articles. Screening of titles and abstracts led to the technical exclusion of 

two manuscripts: one due to inconsistent full-text availability (DOI: 10.1002/iub.2908) and another due to 
repository access failures (DOI: 10.1719/dmp/183712). The final sample of 28 articles was organized into a 
primary metadata repository for both qualitative and quantitative analyses (Figure 1). 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 1. PRISMA 2020 flow diagram of the study selection process for the systematic review. The flowchart illustrates 
the phases of identification, screening, eligibility, and inclusion. A total of 30 records were initially identified through a 
PubMed search, of which 28 articles met the eligibility criteria. Some manuscripts were excluded due to inconsistent 
full-text availability or repository access issues. 

Data were extracted into a structured master database focusing on microbial signatures, clinical status 
(enriched/depleted), and metabolic correlations. To address the inherent challenges of microbiome meta-
analysis, such as compositional bias and heterogeneity, this study incorporated recent bioinformatic 
advancements: 

 
1. Signature Harmonization: We used the Melody framework [8] to evaluate microbial signatures based 

on absolute abundance estimates, mitigating the instability often observed in relative abundance data. 
 
2. Batch Effect Mitigation: Global prevalence analysis was conducted using the ConQuR (Conditional 

Quantile Regression) methodology [14,15] to ensure cross-study comparability. 
 

3. All statistical analyses and high-resolution visualizations were performed in R (version 4.5.2). The 
following analytical workflows were implemented: 

 
4. Taxonomic Consensus: A consensus frequency analysis was performed to identify core CRC 

signatures using ggwordcloud and ggplot2. 
 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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5. Risk Estimation: Forest plots were constructed to visualize the Odds Ratios (ORs) and 95% 
Confidence Intervals (CIs) for primary biomarkers [16]. 

 
6. Multi-Kingdom Interaction Networks: Connectivity between the virome, bacteriome, and host 

metabolic genes was mapped using igraph, tidygraph, and ggraph. 
 

7. One Health Pathway Analysis: A risk-flow synthesis was modeled using Sankey diagrams via the 
ggalluvial package [17] to link environmental exposures to clinical outcomes. 

 
8. Causal Inference: Causal associations between the gut microbiota and CRC risk were evaluated using 

Mendelian Randomization (MR) estimates (Inverse Variance Weighted [IVW] and MR-Egger methods) 
[18–20]. 

RESULTS 

Taxonomic Consensus and the Core Microbial Signature in CRC 

The qualitative synthesis of 28 included meta-analyses and systematic reviews revealed a robust 
taxonomic consensus on the CRC-associated microbiota. As illustrated in Taxonomic Consensus and the 
Core Microbial Word Cloud (Figure 2), Fusobacterium nucleatum emerged as the most consistently cited 
biomarker (enriched in 19/28 studies), followed by Parvimonas micra and Bacteroides fragilis. Conversely, a 
significant depletion of commensal taxa was observed, with Faecalibacterium prausnitzii and Bifidobacterium 
sp. being the most frequently reported protective species across the global literature synthesis. 

Quantitative Assessment of Microbial Risk Factors 

The meta-analytic risk estimation was summarized in the Microbial Risk Signatures Forest Plot (Figure 
3), confirming a robust association between specific microbial taxa and CRC risk across high-impact datasets 
[21–23]. Among these signatures, Fusobacterium nucleatum exhibited the most pronounced effect size with 
an Odds Ratio (OR) of 6.93 (95% CI: 3.01–15.96), as reported by Kharofa and coauthors [21]. Statistically 
significant risk was also attributed to enterotoxigenic Bacteroides fragilis (ETBF), which yielded an OR of 
2.54 (95% CI: 1.63–3.98) [22]. Furthermore, oral pathogens such as Porphyromonas gingivalis were 
associated with a significant contribution to risk (OR: 3.10; 95% CI: 1.50–5.20), providing quantitative 
validation of the oral-gut translocation hypothesis [24]. 

 
 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 2. Core microbial signature and taxonomic consensus. This visualization summarizes the most frequently cited 
taxa across the included systematic reviews. (A) The word cloud of the main species found and (B) the frequency bar 
plot both highlight the consistent enrichment of oral-derived anaerobic pathogens and the simultaneous depletion of 
commensal butyrate producers. In both cases, blue indicates taxa enriched in CRC, while red denotes depleted species. 

 
The pooled synthesis yielded a significant combined Odds Ratio of 2.30 (95% CI: 1.33–3.97), reinforcing 

the integrated microbial signature as a valid indicator of malignancy. Statistical analysis using the Restricted 
Maximum Likelihood (REML) method revealed substantial heterogeneity among the included studies 
(Q=27.61, df=4, p<0.001; I2=92.52%; τ2=0.33) (Figure 3). This high degree of inconsistency likely reflects the 
inherent biological diversity among international cohorts and the technical sensitivity of absolute microbial 
quantification. 

Ultimately, the overall effect test confirmed the strength of the combined biomarkers as a robust clinical 
predictor (Z=2.99; p=0.00283). However, the 95% prediction interval (0.66–7.99) suggests that while the 
integrated signature is a significant risk indicator on average, future study outcomes may exhibit wide 
variance and potentially cross the nullity threshold (OR=1), emphasizing the impact of high inter-study 
variability on individual predictive accuracy (Figure 3).  
 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4


 Falco, M.L.; et al. 7 
 

 
Brazilian Archives of Biology and Technology. Vol.69: e26260111, 2026 www.scielo.br/babt 

 
Figure 3. Microbial risk landscape in colorectal cancer. Odds ratios (OR) were calculated using a random-effects model 
to account for inter-study variability. Horizontal bars represent 95% Confidence Intervals (CI). Square sizes reflect the 
relative weighting of each study under the random-effects framework, while the pooled estimate (diamond) confirms the 
diagnostic potential of the integrated microbial signature. The I2 statistic quantifies heterogeneity among studies. Taxa 
are listed by risk magnitude, highlighting the dominance of F. nucleatum in CRC landscapes. Statistical significance is 
achieved when the CI whiskers do not intersect the null line (vertical dashed red line, OR = 1). This forest plot was made 
using metafor package [16]. 

Multi-Kingdom Synergies and Functional Metabolic Profiling 

The Multi-Kingdom Interaction Network (Figure 4) highlights the complex interplay among biological 
kingdoms, centered on data from Chen and coauthors [25] and Xiang and coauthors [26]. Key findings reveal 
that the oncogenic microbiota does not operate in a vacuum; there is high connectivity between the 
Microviridae and Autographiviridae viral families and the abundance of key driver bacteria, such as F. 
nucleatum and P. micra. This viral-bacterial crosstalk suggests that bacteriophages may actively modulate 
the TME by driving bacterial fitness or lysogenic conversion, which, in turn, correlates with downstream 
regulation of host metabolic and oncogenic genes, notably PCSK5 and RYR3 [25]. Furthermore, integrative 
multi-kingdom diagnostic models incorporating these viral and genetic signatures achieved a high predictive 
AUC of 0.95, significantly outperforming bacteriome-only models (AUC 0.87), thereby demonstrating the 
independent diagnostic value of the intestinal virome and its systemic impact on host pathways. 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 4. Multi-kingdom interaction network delineating the colorectal cancer microenvironment. Nodes represent 
biological entities across different kingdoms (viral families, bacterial species, and host metabolic genes), while edges 
denote documented co-occurrence, metabolic cross-feeding, or regulatory interactions. Edge thickness is proportional 
to the strength of the association. The network explicitly highlights the integration of the intestinal virome, demonstrating 
significant viral-bacterial crosstalk centered on the Microviridae family and the pathogenic driver Fusobacterium 
nucleatum. These trans-kingdom synergies provide structural evidence for the virome's role in modulating bacterial 
oncogenicity and host gene expression (e.g., PCSK5 and RYR3). 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 5. Functional signature heatmap of microbe-metabolite correlations. The heatmap shows metabolic 
reprogramming in the gut. Color intensity represents Pearson’s correlation coefficient (r) between identified microbial 
taxa and specific metabolites. Positive correlations (red) between oral pathogens and cadaverine contrast with the 
strong negative/protective associations (blue) between commensal Faecalibacterium prausnitzii and butyrate 
production. Statistical significance is denoted by threshold criteria following Benjamini-Hochberg correction (p<0.05).  

 
This systemic interaction is complemented by the Functional Signature Heatmap (Figure 5), derived from 

metabolic meta-analyses [27,28]. A strong positive correlation was found between Peptostreptococcus 
stomatis and cadaverine (r = 0.85) [27], whereas protective taxa such as Faecalibacterium prausnitzii showed 
high positive correlations with butyrate (r = 0.70) [28], underscoring the loss of short-chain fatty acid (SCFA) 
production in CRC patients.  

Pathogenesis Flow and One Health Risk Factors 

The One Health Pathogenesis Flow (Figure 6) integrates environmental exposures with microbial shifts, 
synthesized from the works of Liu and coauthors [29] and Ruiz-Malagón and coauthors [30]. The Sankey 
diagram demonstrates that Western diets and prolonged antibiotic exposure are the primary drivers of gut 
dysbiosis [30]. This flow culminates in the transition from healthy mucosa to adenoma and, eventually, CRC, 
with obesity-related bile acid metabolism (Deoxycholic acid [DCA]) acting as a critical secondary mediator in 
tumor progression [29]. 

 
 
 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Predictive Accuracy and Diagnostic Performance 

 

Figure 6. One Health pathogenesis flows from environmental exposure to clinical outcome. This Sankey 
diagram models the progression of colorectal cancer across the One Health continuum. The flow links 
environmental stressors, such as Western diets and antibiotic overuse, to intermediary mechanisms of 
dysbiosis and inflammation, ultimately leading to DNA damage and tumor development. This Sankey 
Diagram was made using ggalluvial package [17]. 

 
The comparative analysis of diagnostic models (Figure 7) indicates that integrative approaches 

outperform single-kingdom signatures. While bacterioma-only models achieved an average AUC of 0.87 [31], 
multi-kingdom models incorporating viruses reached an AUC of 0.95 [25]. Notably, the Melody Framework, 
which uses absolute abundance estimates, achieved superior predictive accuracy, with an AUC of 0.99 [5], 
suggesting that absolute quantification is essential for reliable screening. 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 7. Comparative diagnostic performance of metagenomic signatures. Area Under the Curve (AUC) 
values derived from Receiver Operating Characteristic (ROC) analysis evaluating various predictive models. 
The bar plot compares the performance of traditional Relative Microbial Profiling (RMP) frameworks (single-
kingdom) with Quantitative Microbial Profiling (QMP) in external validation cohorts. Integrative multi-kingdom 
approaches and absolute abundance frameworks, such as the Melody model, demonstrate superior 
diagnostic accuracy (AUC = 0.99) compared to baseline metrics. 

Causal Inference through Mendelian Randomization 

To distinguish causal drivers from passenger bacteria, Mendelian Randomization (MR) estimates from 
Li and coauthors (2023) were visualized (Figure 8) [32]. The IVW estimates confirmed a significant causal 
impact of F. nucleatum on CRC risk (Beta = 0.42 [95% CI: 0.18, 0.66], p < 0.001). Conversely, 
Faecalibacterium prausnitzii demonstrated a significant causal protective effect (Beta = -0.35 [95% CI: -0.57, 
-0.13]), providing robust genetic evidence for its role in maintaining colorectal health. 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 8. Mendelian Randomization causal estimates on colorectal cancer risk. The forest plot provides 

genetic evidence for the causal impact of gut microbiota on oncogenesis. Causal estimates were primarily 

generated using the Inverse-Variance Weighted (IVW) method and were compared with MR-Egger sensitivity 

models. The Beta coefficient represents the causal effect slope derived from instrumental variables (SNPs), 

with horizontal lines indicating 95% Confidence Intervals. Consistent positive estimates for F. nucleatum and 

negative estimates for F. prausnitzii confirm their respective roles as causal drivers and protective agents 

DISCUSSION 

The convergence of our taxonomic consensus (Figure 2) and Mendelian Randomization (MR) estimates 
(Figure 8) provides robust evidence for the driver-passenger model in CRC. While many taxa are associated 
with the tumor microenvironment, the significant causal effect of Fusobacterium nucleatum (Beta = 0.42, p < 
0.001) and Porphyromonas gingivalis (Beta = 0.31) underscores the critical role of the oral-gut axis. These 
oral-derived pathogens do not merely inhabit the gut but actively promote oncogenesis through the Fada/E-
cadherin signaling pathway and the recruitment of myeloid-derived suppressor cells. Our findings, grounded 
in the risk signatures of Kharofa and coauthors (2023) and Li and coauthors (2023) [21,32], suggest that 
these taxa are primary etiologic agents rather than opportunistic colonizers. 

Beyond taxonomic shifts, the functional signature heatmap (Figure 5) elucidates a profound metabolic 
transition in the CRC gut. The strong correlation between Peptostreptococcus stomatis and cadaverine 
production (r = 0.85) highlights a shift toward proteolytic fermentation, which generates DNA-damaging 
polyamines. Concurrently, the depletion of butyrate-producing species like Faecalibacterium prausnitzii (r = 
0.70 with butyrate) suggests a collapse of the mucosal barrier's energy source. This metabolic exhaustion 
creates an environment characterized by chronic inflammation and oxidative stress, as visualized in our 
pathogenesis flow (Figure 6), facilitating the adenoma-to-carcinoma transition. 

Our interaction network (Figure 4) demonstrates that the bacteriome does not act in isolation. The 
synergy between Microviridae and F. nucleatum suggests that phage-host interactions may modulate 
bacterial virulence or horizontal gene transfer within the tumor niche. This systemic perspective aligns with 
the findings of [(25)], indicating that the virome is an essential, yet often overlooked, component of the CRC 
ecological network. Integrating viral signatures into diagnostic models is likely the next frontier in increasing 
screening sensitivity. 

The Sankey risk flow (Figure 6) integrates environmental and lifestyle factors, emphasizing that CRC is 
a multifaceted disease. The transition from Western diets and antibiotic exposure to clinical outcomes via 
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dysbiosis and DNA damage reinforces the One Health framework. This model suggests that successful CRC 
prevention must look beyond the host, targeting dietary patterns and antibiotic stewardship to preserve the 
commensal ecological shield provided by taxa such as Bifidobacterium and Akkermansia. 

The superior performance of the Melody Framework (AUC = 0.99, Figure 7) marks a turning point in 
clinical diagnostics. Traditional Relative Microbial Profiling (RMP) models suffer from inherent 
compositionality bias: because relative abundances must sum to 100%, an increase in total microbial load, 
often seen in CRC dysbiosis, can artificially inflate the apparent presence of causal pathogens, masking their 
true biological thresholds. The Melody model overcomes this mathematical artifact by incorporating matching 
absolute abundance (QMP) estimates, which adjust for variations in total fecal microbial density. By 
quantifying the actual microbial payload rather than just proportions, this framework captures the true 
ecological expansion of low-abundance pathogens such as F. nucleatum and B. fragilis. Consequently, this 
resolution reduces the statistical noise in RMP, achieving near-perfect diagnostic accuracy and establishing 
absolute quantification as the higher standard for precision medicine. 

This transition is precisely where technological innovation meets clinical need. The development of 
automated reporting systems enables the translation of these complex, multi-kingdom, and causal signatures 
into actionable clinical data. Implementing absolute quantification pipelines in routine screening could bridge 
the gap between academic meta-analyses and patient-side diagnostics, providing a faster, non-invasive 
alternative to traditional colonoscopy. 

While the causal evidence from MR is compelling, the heterogeneity of human populations remains a 
challenge. Most included studies focused on global datasets; however, regional dietary habits significantly 
influence the baseline microbiome. 

LIMITATIONS 

This overview has several important limitations. First, the high degree of heterogeneity observed 
(I2=92.52%) reflects significant cohort and methodological variability across primary studies, including 
differences in DNA extraction and sequencing platforms. Second, while Mendelian Randomization mitigates 
confounding, causal estimates derived from genetic instruments do not automatically equate to clinical utility. 
Third, the remarkable diagnostic metrics reported by absolute abundance models carry a risk of 
overinterpretation, as they are often trained on retrospective cohorts. Their true generalizability remains 
unproven until subjected to prospective validation across diverse global populations. 

CONCLUSION 

In summary, this study consolidates the evidence that CRC is a multi-kingdom ecological disorder driven 
by specific causal pathogens. While bacterial drivers such as F. nucleatum are well-established, the 
integration of the intestinal virome is a necessary perspective within the One Health framework, given its 
crucial role in modulating bacterial virulence. The shift from relative to absolute abundance signatures, 
coupled with causal inference and systemic network analysis, provides a promising conceptual roadmap for 
early detection and personalized therapeutic strategies. However, the translation into clinical practice will 
require extensive validation to bridge the gap between bioinformatic modeling and bedside utility. Future 
research should focus on longitudinal tracking of absolute abundance to determine the precise window of 
intervention during the early adenoma phase. 
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