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Abstract 

The gut microbiome is intricately linked with various aspects of health and 
physiology, serving as both a potential diagnostic marker and therapeutic target. 
Understanding its mechanistic in�luences on systemic processes, particularly those 
affecting remote organs, is crucial. One key research area is the gut microbiome's 
interaction with the cardiometabolic system, particularly dyslipidemia. 
Dyslipidemia, characterized by abnormal levels of lipids in the blood, is a major 
risk factor for cardiovascular disease, Type II Diabetes, obesity, and metabolic 
syndrome. These conditions are characterized by disturbances in glucose 
metabolism, lipid metabolism, and blood pressure regulation, often leading to 
severe complications like heart attacks, strokes, Non-alcoholic fatty liver disease 
(NAFLD), and chronic kidney diseases. 

Alterations in the gut microbiome are associated with dyslipidemia. Speci�ic gut 
microbiome-derived metabolic products have been linked causatively to the onset 
or delay of these disorders. Despite this, our understanding remains incomplete, 
lacking a comprehensive catalogue of the microbiome-metabolite network-host-
pathway links. 

This study adopts a data-driven, multi-level analysis of human-derived gut 
microbiome and host metabolome datasets to investigate these connections. We 
performed a three-level interaction investigation: �irst, identifying gut-
microbiome-associated serum metabolites linked with dyslipidemia health 
markers; second, deciphering links between the gut microbiome and serum 
metabolome; and third, validating these �indings by associating speci�ic gut 
microbial community members with dyslipidemia markers. To achieve this, we 
utilized 17 large, publicly available paired datasets, including gut microbiome and 
metabolome data, host metabolome and dyslipidemia marker pro�iles, and gut 
microbiome and host dyslipidemia marker pro�iles. This comprehensive approach 
has the potential to enhance our understanding of the gut microbiome's role in 
systemic health and dyslipidemia. 
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Chapter 1 

Introduction 

Dyslipidemia is characterized by abnormal lipid levels in the blood, including 
elevated triglycerides (TG), total cholesterol (TC), and low-density lipoprotein 
cholesterol (LDL-C), or decreased high-density lipoprotein cholesterol (HDL-C) 
(Mosca et al., 2022). It is a major risk factor for cardiovascular diseases (CVD) such 
as coronary artery disease and stroke, with both genetic and environmental factors 
contributing to its development (Hedayatnia et al., 2020). Despite established risk 
factors, a signi�icant portion of dyslipidemia remains unexplained, prompting 
investigation into the gut microbiome's role.  

Cardiovascular Disease and Dyslipidemia 
Cardiovascular disease remains one of the leading causes of morbidity and 

mortality worldwide (Amini, Zayeri and Salehi, 2021). The pathological process 
often begins with the accumulation of LDL cholesterol in the arterial walls, leading 
to plaque formation and arterial narrowing. This process, known as 
atherosclerosis, can eventually result in reduced blood �low or complete blockage 
of the arteries (Kita et al., 2001). Dyslipidemia accelerates this process by 
promoting in�lammation, oxidative stress, and endothelial dysfunction, thereby 
increasing the risk of cardiovascular events (Hajjar and Gotto, 2013). 

 
The Gut Microbiome and Its In�luence on Dyslipidemia 
Recent research has uncovered a profound connection between the gut 

microbiome—the diverse community of microorganisms residing in the 
gastrointestinal tract—and dyslipidemia (Jia et al., 2021). The gut microbiome is 
known to in�luence lipid metabolism through various mechanisms, including: 

 
1. Bile Acid Metabolism: Gut bacteria modulate the composition and 

function of bile acids, which are critical for lipid digestion and absorption. 
Altered bile acid metabolism can affect cholesterol homeostasis and lipid 
levels in the blood (Jia et al., 2021). 

2. Short-Chain Fatty Acids (SCFAs): Produced by bacterial fermentation of 
dietary �ibers, SCFAs like butyrate, propionate, and acetate have been 
shown to in�luence lipid metabolism and energy balance. SCFAs can 
regulate the expression of genes involved in lipid synthesis and breakdown 
(Jia et al., 2021). 



8 

3. Microbial Metabolites: Certain gut bacteria produce metabolites that 
interact with host metabolic pathways. For instance, trimethylamine-N-
oxide (TMAO), derived from dietary choline and carnitine by gut bacteria, 
has been linked to increased cardiovascular risk, including dyslipidemia 
(Zhen et al., 2023). 
 

Proven Associations Between the Gut Microbiome and Dyslipidemia 
Numerous studies have demonstrated signi�icant associations between the 

composition of the gut microbiome and lipid pro�iles (Ghosh and Valdes, 2023). 
Key �indings include: 

 
• Microbial Diversity: Reduced gut microbial diversity has been correlated 

with higher levels of LDL cholesterol and triglycerides. 
• Speci�ic Microbes: Certain bacterial taxa, such as Bacteroides, 

Lactobacillus, and Akkermansia, have been associated with favourable lipid 
pro�iles, whereas others, like Firmicutes, are linked to dyslipidemia. 

• Microbiome Modulation: Interventions that modulate the gut 
microbiome, such as probiotics, prebiotics, and dietary changes, have 
shown promise in improving lipid pro�iles and reducing cardiovascular risk. 

 

 
 
Fig 1. The Gut Microbiome as a Modulator of Host Physiology and Dyslipidemia: 
Impact of Dietary Interventions and External Factors (Ghosh and Valdes, 2023) 
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Chapter 2 

METHODS 

2.1 Dataset collection and pre-processing 
In this work, we collected, processed, and analysed data from a few different multi-
omic studies and the curatedMetagenomicData resource (R package 
curatedMetagenomicData (v3.8.0)). Below are details describing the data obtained 
from each source and the further processing we performed. We used a total of 
14,133 gut microbiome – metadata matched samples collected from 17 data 
repositories, which had 4384 gut microbiome pro�iles. Three of the study cohorts 
from these 17 data repositories had matched metabolome-microbiome data 
available. 
 
For our study on the association between dyslipidemia markers and the gut 
microbiome, some datasets were downloaded from the curatedMetagenomicData 
repository, for which the metaphlan3-generated taxonomic pro�iles and the sample 
metadata were already available (Beghini et al., 2021). For the rest of the whole 
genome sequencing datasets, the same protocol adopted by the 
curatedMetagenomicData was used. All 16S-derived gut microbiome datasets were 
downloaded from the corresponding data sources (as denoted by the accession 
numbers) and processed using the SPINGO taxonomic classi�ication tool (Allard et 
al., 2015). The corresponding metadata for all datasets that were not a part of the 
curatedMetagenomicData were obtained by looking into the respective research 
papers. We thank the authors of the Diener cohort for providing us with the 
metadata of the corresponding participants. 
The metadata for each study was �iltered only to take the following dyslipidemia 
markers, ensuring they have the same units of measurement across each study 
cohort: Triglyceride, Cholesterol, HDL, and LDL levels in mmol/L. 
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Figure 2.1: World map showing distribution of Gut Microbiome samples 

In the data preprocessing phase, the raw species pro�ile was row-sum normalized 
where rows represented each sample, and the columns consist of species names. 
To ensure consistency across the different dyslipidemia marker levels, they were 
converted into mmol\L to ensure uniformity across different datasets.  
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2.2 Methods Overview for �iltering diagnostic features                                                      
 
A. Work Package 1 

 

 
Figure 2.2.1: Method Schematic - Work Package 1 of Dataset processing 

 
1. Literature Search and Data Collection: 

o Conducted a systematic search using PubMed and 
curatedMetagenomicData 3.8.0. 

o Applied inclusion criteria to select studies focused on dyslipidemia 
markers, phenotypic host metadata, and serum metabolites. 

o Selected studies included matched dyslipidemia markers and 
species pro�iles for integration. 

2. Study Selection for Meta-Analysis: 
o A total of 17 studies were selected, comprising over 14,133 samples. 
o Selected studies met criteria for containing speci�ic blood markers 

and associated species pro�iles. 
3. Meta-Analysis Work�low 

• Study-wise Analysis: 
o For each study, blood markers and species pro�iles were analyzed. 
o PERMANOVA analysis was performed across all studies to assess 

associations between dyslipidemia markers and species pro�iles. 



12 

2. Signi�icance of dyslipidemia Markers Across Studies: 
o Focused analysis was conducted on markers associated with 

dyslipidemia, including triglycerides, HDL, LDL, and cholesterol. 
o The signi�icance of these associations was determined based on 

PERMANOVA results across studies (P value <0.05). 
3. Integration Using Random Effects Model: 

o A random effects model was employed to synthesize results across 
all studies, considering the variability between studies. 

o Meta-analysis driven identi�ication of microbial taxa associated with 
different dyslipidemia markers. 

This work�low ensured a robust meta-analysis approach by integrating 
dyslipidemia markers with microbial species pro�iles, thereby 
providing insights into microbiome community across diverse studies. 

 
B. Work Package 2 

 

 

Figure 2.2.2: Work Package 2 of Dataset processing 
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Random Forest & Meta-Analysis Approach for �iltering diagnostic features 
associating Taxa with each Blood Marker 
 
Overview of Random Effect Model 
The methodological approach illustrated in the �igure involves the use of a Random 
Effect model to associate the abundance of each taxon with a speci�ic dyslipidemia 
marker, denoted as M1. This process is carried out across multiple study cohorts, 
integrating the results to identify taxa signi�icantly associated with the marker. 

 
Steps Involved: 
 
1. Study Cohorts and Taxa Abundance: 

o Study Cohort 1 to N: Each study cohort contains samples with 
species abundance data. 

o Blood Marker M1: The values for dyslipidemia marker M1 are 
included in each cohort. 

2. Random Forest Models: 
o For each study cohort, a Random Forest model is constructed to 

predict the values of M1 based on the taxa abundance across all 
study cohorts. 

3. Selection of Predictive Taxa: 
o Within each study, taxa are selected based on their predictive power. 
o Cumulative Importance Scores: 

 Taxa with cumulative importance scores greater than 0.70 
are selected. 

 This score indicates the signi�icance of each taxon's 
contribution to the model's predictions. 

4. Filtering Predictive Taxa: 
o Taxa identi�ied as predictive in at least 50% of the studies are 

selected for further analysis. 
5. Union of Taxa: 

o The selected predictive taxa from all study cohorts and the meta-
analysis taxa - Taxa showing an association with a p-value < 0.05 and 
a consistency ≥ 0.70 - are combined using a union operation. 

o This results in a list of taxa associated with marker M1. 
6. Final Selection of Taxa: 

o The �iltered taxa that meet the statistical criteria are then said to be 
associated with blood marker M1. 

o These selected taxa are then used for further analysis and validation. 
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Interpretation of Results 
The methodology ensures that only taxa with a strong and consistent 

association with blood marker M1 across multiple studies are selected. This robust 
approach accounts for variability between studies and enhances the reliability of 
the identi�ied associations. 

• Predictive Power: By using Random Forest models, the approach 
effectively captures non-linear relationships and interactions between taxa 
and the blood marker. 

• Consistency: The �iltering criteria ensure that only taxa with consistent 
predictive power across multiple studies are selected. 

• Statistical Signi�icance: The �inal �iltering based on p-value and 
consistency ensures that the selected taxa are statistically signi�icant, 
reducing the likelihood of false positives. 
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Chapter 3 

RESULTS 
 

3.1 Investigation of the overall beta-diversity of gut 
microbiome with lipid markers   
                                                                    

3.1.1 Statistical Analysis of Blood Markers and Microbial Species 
We took 4 blood markers proven to be directly linked to dyslipidemia. The row-

sum normalized species pro�iles were �iltered based on the names of species 
detected in at least 40% of the studies, with a detection frequency of at least ten 
percent. These �iltered species pro�iles with the blood marker metadata were run 
through the PERMANOVA test for statistical analysis to determine how 
signi�icantly these blood markers were detected across all datasets. PERMANOVA 
was performed using the adonis2 function of the vegan R package. 

 
PERMANOVA Analysis 
• Feature Selection: Species containing speci�ic keywords ("phage", "virus", 

"unclassi�ied", or "satellite") were �iltered out using the grep function. 
• Species Selection: Identi�ied species detected in at least 10% of samples 

and present in at least 40% of the studies. 
• Study-speci�ic Analysis: For each unique study associated with each blood 

marker variable, a Spearman correlation matrix for the top detected species 
was computed. This matrix was transformed into a dissimilarity matrix 
using the as.dist function. The PERMANOVA test was conducted with the 
matching samples of the dissimilarity matrix and the blood marker 
metadata as inputs. R² values and p-values from the test were stored. 
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Figure 3.1.1: Variable association of Dyslipidemia markers with gut 
microbiome across different study cohorts 

The PERMANOVA analysis assessed the association between microbial 
community composition and metadata variables across multiple studies. By 
iterating over each metadata variable and study, R² values and p-values were 
obtained, indicating the proportion of variance explained by the metadata and the 
statistical signi�icance of the associations. 

• Helper Function for Directionality: A helper function get_direction was 
de�ined to assign directionality based on p-values from the PERMANOVA 
results. 

o P-values ≤ 0.05 were assigned a value of 2 (indicating signi�icance). 
o P-values > 0.05 were assigned a value of 1 (indicating non-

signi�icance). 
o Missing values were handled by assigning them a value of 0. 

For each blood marker (row), the proportion of studies (columns) exhibiting 
signi�icant associations was calculated by counting the occurrences of the value 2 
and dividing it by the total occurrences of values 1 and 2. This approach quanti�ied 
the prevalence of signi�icant associations between blood markers and microbial 
species across multiple studies. A bar plot visualized the results, highlighting 
markers with the most consistent signi�icant associations. 
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3.1.2 Meta-Analysis and Robust Regression 
 

Meta-Analysis Using Random Effect Models 
Subsequently, a meta-analysis using Random Effect models was performed to 

compute the association of the different taxa with blood markers across all study 
cohorts, treating the abundance as the response variable and the metadata as the 
predictor while considering the grouping variable. Estimation results, such as the 
beta coef�icient, p-value, and consistency, were captured. P-values were adjusted 
using the false discovery rate (FDR) method to obtain q-values. 

• Directionality Score: A directionality score was assigned based on the 
signi�icance thresholds: 

o If q-value ≤ 0.10, indicating a high signi�icance level, the sign of the 
estimate was multiplied by three. 

o If q-value > 0.10 but p-value ≤ 0.05, indicating a moderate 
signi�icance level, the sign of the estimate was multiplied by two. 

o If p-value > 0.05, indicating a low signi�icance level, the sign of the 
estimate was multiplied by one. 

This approach ensured that the directionality of the estimates re�lected both 
their statistical signi�icance and the direction of the effect in the analysis. 

Robust Linear Regression (MASS Package) 
• The rlm function from the MASS package was used for robust linear 

regression to model the relationship between species abundance and the 
metadata variable within each study group. 

• Meta-Analysis (metafor package) R package version 4.2.0: 
Computation of regression models for each group de�ined by the grouping 
variable was done, aggregating the results of individual regression models 
using meta-analysis techniques. 

o The escalc function computed effect sizes (ZPCOR) for each study 
group. 

o The rma function aggregated the results of individual regression 
models computed for each group using robust linear regression. 
 

Directionality and Signi�icance Testing 
• The sign of the coef�icient of the metadata variable was calculated to 

determine directionality. The coef�icient represents the strength and 
direction of the relationship between species abundance and the metadata 
variable. 

o Positive coef�icient: An increase in the metadata variable is 
associated with increased species abundance. 
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o Negative coef�icient: An increase in the metadata variable is related 
to a decrease in species abundance. 

• P-values for the coef�icients were computed, and a robust F-test for 
heteroscedasticity was performed using the f.robftest function of the 
sfsmisc R package 1.1.15. 

Combining robust regression with meta-analysis techniques effectively 
analyzed the relationship between species abundance and metadata across 
different studies, accounting for potential heterogeneity and outliers within each 
study group. 

 
Visualizing Results 
• Meta-analysis Driven Identi�ication of Microbial Taxa Associated With 

Different Dyslipidemia Markers: Volcano Plots were generated to 
visualize the impact of various metadata on microbial species abundances 
using the �iltered dataset with a consistency greater than 0.70. 

o Created volcano plots with ggplot2 where each point represents a 
microbial species. 

o Points were coloured based on the signi�icance and direction of the 
association. 

• The X-axis represents the "Summarized Estimate," indicating the strength 
and direction of the association between speci�ic microbial taxa and 
triglyceride levels. Taxa on the left side of the plot are associated with 
decreasing triglyceride levels, while those on the right are associated with 
increasing triglyceride levels. 

• The Y-axis represents the signi�icance of these associations as -log10(p-
value), where higher values indicate stronger statistical signi�icance. 
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Fig. 3.1.2.1 Meta-analysis driven identi�ication of microbial taxa associated 

with triglyceride marker 
 

Key Features: 
• Microbes are coloured based on their q-values, indicating adjusted 

statistical signi�icance: 
o Blue and light blue coloured taxa: Microbes that are signi�icantly 

associated with decreased triglyceride levels (q-value ≤ 0.15, 0.05, 
or 0.01) and negative summarized estimate value. 

o Red and Orange coloured taxa: Microbes that are signi�icantly 
associated with increased triglyceride levels (q-value ≤ 0.15, 0.05, 
or 0.01) and positive summarized estimate value. 

• Highlighted Taxa: Speci�ic taxa which are generally referred to as oral 
microbiome have been highlighted, For example: Streptococcus oralis, and 
streptococcus mitis are showing positive association with increased 
Triglyceride levels. These bacteria generally also have been shown 
associated with multiple diseases ranging from In�lammatory Bowel 
Disease to cancer when transferred to gut.  
There are also good number of health associated bacteria which are 
negatively linked with triglyceride levels such as Odoribacter splanchnicus, 
Alistipes shahii, Faecalibacterium prausnitzii and Roseburia hominis. 
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The separation of taxa across the plot provides insights into potential 
microbial targets for managing dyslipidemia and associated cardiovascular 
risks. 

 

 
Fig. 3.1.2.2 Meta-analysis driven identi�ication of microbial taxa associated 

with HDL marker 
 
With Decreasing levels of HDL, we can see some of the following taxa showing 
positive association: 
• Megasphaera elsdenii: Involved in SCFA production; associated with gut 

health, obesity, and metabolic syndrome; potentially linked to dyslipidemia 
due to its role in lipid metabolism.  

• Streptococcus vestibularis: An oral commensal bacterium; linked to dental 
infections, endocarditis, and respiratory infections, especially in 
immunocompromised individuals. 

• Megamonas funiformis: Involved in carbohydrate fermentation and SCFA 
production; associated with obesity, type 2 diabetes, and dyslipidemia due to 
its in�luence on energy metabolism and lipid pro�iles. 
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Fig. 3.1.2.3 Meta-analysis driven identi�ication of microbial taxa associated 

with LDL marker 
With Increasing levels of LDL, we see previously health associated bene�icial 
bacteria, which is counterintuitive. This is a typical example of context dependent 
association of bacteria with health. Implying, we can not simply name a bacteria 
healthy or bad universally. Some of the bacteria, which are results show to be 
positively associated with LDL levels are - 

• Clostridium disporicum: Typically found in the human gut microbiome and 
associated with gut health, it has shown to contribute to short-chain fatty acid 
(SCFA) production, which is important for maintaining gut integrity. 
Alterations in its abundance have been linked to in�lammatory bowel disease 
(IBD) and metabolic disorders. 

• Roseburia inulinivorans: A bene�icial gut bacterium known for fermenting 
dietary �ibers like inulin into butyrate, a key SCFA. Associated with anti-
in�lammatory effects and overall gut health. Reduced levels are linked to 
conditions like obesity, type 2 diabetes, and in�lammatory bowel disease. 

• Turicibacter sanguinis: A relatively lesser-known bacterium involved in gut 
microbial diversity. Associated with immune modulation and linked to gut 
health. Alterations in its levels have been noted in metabolic diseases like 
obesity and dyslipidemia. 

• Roseburia intestinalis: A major butyrate-producing bacterium in the gut. It 
plays a protective role against in�lammation and is associated with a healthy 
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gut barrier. Reduced abundance is linked to metabolic syndrome, IBD, and 
type 2 diabetes. 

 

 
 

Fig. 3.1.2.4 Meta-analysis driven identi�ication of microbial taxa associated 
with Cholesterol marker 

 
Cholesterol gave us minimal association. We see taxa such as Holdemanella 
biformis and Roseburia which show positive association with increasing 
Cholesterol levels. However, one typical example is negative association of 
Bi�idobacterium species with reduced cholesterol levels. 

• Holdemanella biformis: Linked to better metabolic health, lower obesity 
risk, and anti-in�lammatory effects. 

• Clostridium disporicum: Involved in gut health and SCFA production; 
linked to IBD and metabolic disorders. 

• Bi�idobacterium bi�idum: Key probiotic, enhances digestion, gut barrier, 
and reduces in�lammation. 

• Parasutterella excrementihominis: Affects bile acid metabolism and 
energy balance; associated with IBS and metabolic issues. 
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3.2 Results of the association of consistently 
associated gut microbial markers with different 
lipid risk factors                                                                  

 
While Random Effect Model (Meta-Analysis) tells us about the strength of 
association and the directionality of the microbiota with the dyslipidemia markers, 
there might be a chance of missing out some consistent signatures. To �ind out 
which taxa are predictive of the markers but might not be strongly associated with 
markers across all studies, we trained models using Random Forest. These models 
helped us to track those predictive taxa which may not be strongly associated but 
may be linked to some other taxa which are strongly associated with dyslipidemia 
markers. The other aim was also to �ind out if the pattern of association of different 
taxa varies across study cohorts. That is why study speci�ic Random Forest models 
are created. 

 
Figure 3.2.1 shows heatmap of association of taxa with cumulative feature 
importance greater than 0.7 with study cohorts linked with Triglyceride. The white 
cells represent absence of that taxa in the corresponding study cohort. The y-axis 
lists microbial species, with distinct clusters based on how they correlate with 
triglyceride levels across different studies. The clustering indicates that certain 
microbial species are consistently associated with Triglyceride levels. 
 
 

 
Fig. 3.2.1 Triglyceride associated microbial taxa through Random Forest 

(Machine Learning Based Approach) 
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Similar association of microbial markers with study speci�ic linkage was seen for 
HDL levels. The consistent presence of some of these species in multiple studies 
strengthens their potential role in in�luencing or being in�luenced by HDL levels, 
highlighting their importance in dyslipidemia research. 

 

 
Fig. 3.2.2 HDL associated microbial taxa through Random Forest (Machine 

Learning Based Approach) 
 

Finally, we conglomerated the two groups of taxa identi�ied from meta-analysis 
and machine learning, and for every such taxa, for association with a given 
dyslipidemia marker, we computed the Marker Association scores. The formula is 
represented in the �igure 3.2.4 where Marker score for a particular marker for a 
taxon was computed as – Number of studies in which it was signi�icantly positively 
associated minus the number of studies in which it was signi�icantly negatively 
associated divided by total number of studies in which it was pro�iled. 

 

 
Fig. 3.2.3 Marker Association Scores Computation Formula 
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Here we identify a panel of sixty-two species that show strong link of 
dyslipidemia marker across all study cohorts. Here we see these taxa list was 
predominated by oral taxa members and in�lammation associated taxa such as 
streptococcus vestibularis and Clostridium disporicum. The yellow shaded panel 
represents the cluster of disease risk associated members and the purple shaded 
members represent the health associated taxa such as Akkermansia and Alistipes 
shahii.  

 

 
 

Fig. 3.2.4 Consistent Gut Microbial Markers Across all Dyslipidemia Markers 
 

This investigation has its own importance because these results are showing us 
signatures which not only validate some of the typical health associated markers 
but also give us some contradictory context speci�ic examples such as Coprococcus 
comes. Coprococcus comes in previous investigations have been shown to be linked 
with health, but here our �indings conclude it to be associated with dyslipidemia 
risk.  
 
We also computed the median of principle coordinates (PCA) for each study cohort 
based on the baseline microbiome composition which show us how different 
studies display different degree of relativeness based on their gut microbiome 
community (Figure 3.2.5). 
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Fig. 3.2.5 Studies Show Different Degree of Relativeness Based on Their Gut 
Microbiome Community (Median PCA Plot of study cohorts) 

 

 
 

Fig. 3.2.6 Exploring Microbial Taxa Patterns Linked to Triglyceride Levels in 
Various Study Cohorts  
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The PCA analysis and the microbial taxa patterns linked with dyslipidemia markers 
show similarity in clustering of study cohorts. The results indicate that 
microbiome with similar communities tend to have similar bacterial markers 
associated with dyslipidemia marker levels. The study clusters which are closer to 
each other, show the same clustering in the microbial taxa pattern heatmaps 
shown for different dyslipidemia marker levels.  
 
This shows us a new paradigm of computational models through the knowledge of 
baseline microbiome data, which will help us know the responsive microbes for a 
particular marker level. 
 

 
Fig. 3.2.7 Exploring Microbial Taxa Patterns Linked to baseline microbiome 

composition in Various Study Cohorts in Triglyceride 
 
In the �igure 3.2.7, we can see studies such as Song 2023, CuestaZuluaga 2017, 

He 2019 and Hernandez 2023 show similar microbial taxa pattern with 
Triglyceride values and present as a cluster as shown in PCA plot. This links to their 
inherent similarity in baseline microbiome composition. 

This discovery points out the translational applicability of this study. The 
existing framework can be now utilized to predict Triglyceride levels and 
eventually all other marker levels based on the collated data we have built. 
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Fig. 3.2.8 Exploring Microbial Taxa Patterns Linked to baseline microbiome 
composition in Various Study Cohorts in HDL 

 
Similar trend is being shown by HDL associated microbiome pattern and study 

cohorts linked to it. KarlssonFH 2013 and KeohaneD 2020 show similar microbial 
taxa pattern for HDL levels; Song 2023, CuestaZuluaga 2017, He 2019 and 
Hernandez 2023 show similar microbiome association pattern. 

 
These �indings illustrate that we can use the Baseline Community to identify 

the appropriate model or appropriate risk associated factors. This can be used to 
build microbiome-based models for future diagnostic purposes. 
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Chapter 4 

4.1 Conclusion 

Hierarchical Ensemble Models for Microbiome-Based Diagnostics 
 
1. Utilizing Baseline Community for Model Development: 

o The baseline community of microbiome can serve as a critical 
foundation for identifying risk-associated factors and developing 
appropriate predictive models. The integration of baseline 
community data allows for the precise identi�ication of risk factors, 
leading to the development of highly accurate and tailored 
hierarchical ensemble models for predicting cardiovascular disease 
risks. 

2. Novelty and Unprecedented Findings: 
o The �indings from our study are unique and novel to the best of our 

knowledge, presenting �indings that highlight the critical role of the 
gut microbiome in cardiovascular health. These results pave the way 
for further research and validation, establishing a new paradigm in 
microbiome-based diagnostics and therapeutic strategies. 

3. Building Microbiome-Based Diagnostic Models: 
o The development of microbiome-based diagnostic models, utilizing 

hierarchical ensemble methods, offers a promising avenue for future 
diagnostic applications. These models can enhance early detection, 
risk assessment, and personalized treatment strategies for 
cardiovascular diseases. 
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4.2   Future Perspectives 
 

   Integrative Multi-Omics Analysis: The depicted methodology outlines a 
comprehensive multi-omics approach that integrates data from the gut 
microbiome, metabolome, and host physiology to unravel the molecular 
complexity of cardiovascular disease (CVD). This integrative approach holds 
several promising future research directions and applications: 

 
Fig. 4.2 Method Schematic of future perspective 

 
4.2.1. Enhanced Understanding of Disease Mechanisms: 

        Blood Marker to Microbiome: By associating blood markers with gut 
microbiome composition, researchers can gain insights into how variations 
in microbiota may in�luence or re�lect cardiovascular health. This can lead 
to the identi�ication of microbial signatures indicative of disease states or 
progression. 
        Microbiome to Metabolome: Understanding the relationship 
between microbiome composition and metabolomic pro�iles allows for the 
identi�ication of key metabolic pathways in�luenced by gut microbiota. This 
can highlight speci�ic metabolites that play a role in disease mechanisms. 
       Metabolome to Host: Integrating metabolomic data with host 
transcriptomics and physiology can provide a holistic view of how 
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metabolic changes affect gene expression and overall host health. 
Knowledge graphs can be used to map complex interactions between 
metabolites, genes, and disease outcomes. 
 

 4.2.2. Biomarker Discovery and Validation: 
        The multi-omics approach facilitates the discovery of microbiome 
features for early detection, prognosis, and monitoring of CVD. By 
identifying taxa, metabolites, and gene expression patterns consistently 
associated with disease, researchers can develop robust biomarker panels 
for clinical use. 
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