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ABSTRACT: The purpose of the study is to investigate Type 2 Diabetes Mellitus (T2DM) progression and risk through 
investigating gut microbiome biomarkers, providing insights into disease status and potential synbiotic and fecal microbiota 
transplantation interventions. Gut dysbiosis serves as a key indicator for T2DM detection, supporting effective intervention 
strategies by outlining potential targets for up/down-regulation. Our preliminary research aimed to compile gut microbiome 
biomarkers documented to be associated with disease states, forming the foundation for constructing a model capable of disease 
state analysis. Gut microbiome composition data of individual patients from sequenced metagenomic files were compiled, 
encompassing the abundance of over 4,500 microbial taxa across profiles. Multiple models were tested to evaluate the greatest 
efficacy given the nature of the data used, from which XGBoost was selected and optimized. Despite 95.8% sparsity in our 
microbiome data alongside high local intrinsic dimensionality (LID≈12), a 0.86 AUC score and 0.80 testing accuracy were 
achieved. SHAP values enabled the analysis of key bacterial features, alongside a correlational network for biological validation 
through the visualization of co-occurring T2DM-associated bacterial taxa. This supported the hypothesis that machine learning 
can provide critical insights into the nature of dysbiosis, precisely classifying disease states and modeling biologically accurate 
relationships. Our findings demonstrate the biological accuracy of the model, along with its ability to identify under-researched 
species significantly correlated with disease states. This suggested their potential as stable and reliable biomarkers. While further 
data is required to enhance model performance, this work represents a crucial step toward revolutionizing targeted diagnosis, 
patient care, and intervention strategies.
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�   Introduction
Type 2 Diabetes Mellitus (T2DM) is a metabolic disorder 

characterized by the excess production of glucose, caused by 
the inadequate secretion of insulin by Beta-cells, resulting in 
hyperglycemic states.1 Data from the 2022 NCD Risk Fac-
tor Collaboration reports that approximately 828 million 
individuals live with diabetes globally, with over 95% having 
type 2 diabetes mellitus. Type 2 diabetes not only affects older 
populations but has seen a two- to threefold increase among 
individuals below the age of 40.2 Even more concerning is the 
fact that almost one in two adults with diabetes is undiagnosed, 
remaining unaware that they suffer from the disease.3 This re-
flects a concerning gap in access to timely diagnosis, thereby 
enabling early intervention and treatment for the disease, de-
spite its worldwide prevalence.

With millions affected and at risk of severe complications, 
patients would greatly benefit from the application of preci-
sion medicine that accounts for the inherently multifactorial 
nature of this disease.4 For example, clinical trials reveal higher 
remission rates for T2DM patients taking personalized dietary 
interventions compared to generalized nutrition advice, high-
lighting the effectiveness of customized strategies to combat 
T2DM.5 The employment of other such personalized ther-
apeutic avenues, including fecal microbiota transplantation 
(FMT) and synbiotics, displays great efficacy in improving 

patient health outcomes over time, influencing microbial di-
versity.6

Gut dysbiosis is a notable marker for the T2DM disease 
state. The human gut contains a diverse range of bacterial taxa, 
and research has demonstrated its key role in metabolic ho-
meostasis. Disruptions in this balanced composition can drive 
the progression of various diseases, including metabolic syn-
drome disorders like T2DM.7 The availability of large datasets 
enables machine learning algorithms to identify key patterns 
in microbiome compositions of patient samples in the same 
group. This makes computational methods well-suited for pro-
cessing the heterogeneity of gut microbiome data through the 
employment of techniques like feature identification, selection, 
and post-intervention strategy optimization.8

The scope of the application of machine learning algo-
rithms to handle diverse gut microbiome datasets led to the 
investigation of their efficacy in analyzing disease states and 
suggesting intervention strategies based on this analysis. This 
project examines the gut microbiome as a source of biomarkers 
for detecting T2DM, and leverages computational approaches 
to aid its early detection and intervention. The main objective 
is improving methods for assessing a person’s risk of diabetes 
through biomarkers in the gut, further enabling personalized 
interventions for the given patient(s).
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�   Methods
Data Collection:
Publicly available human gut microbiome datasets contain-

ing both healthy and T2DM cohorts were identified through a 
comprehensive literature search. Studies were included only if 
they provided relative abundance data from stool-derived bac-
terial species based on sequencing analyses. In order to ensure 
proper standardization of data, clearly defined inclusion and 
exclusion criteria were constructed, as outlined in Table 1.

The inclusion criteria listed in Table 1 reflect the demo-
graphic diversity of the samples. Additionally, datasets were 
chosen to enable geographic diversity, including representa-
tion across Europe, North America, and Asia. A final set of 
six datasets (PRJEB1786, PRJNA289586, PRJNA299502, 
PRJNA389481, PRJNA422434, PRJNA448494) was used for 
training the machine learning model. Given the anonymity of 
samples and the absence of any personally identifiable infor-
mation, risks of data leakage for misuse were eliminated.

Two primary sequencing methodologies were used across 
the selected datasets: whole-genome shotgun (WGS) metag-
enomics and 16S rRNA amplicon sequencing. Post-DNA 
extraction,11 libraries were prepared and barcoded for mul-
tiplexed sequencing on Illumina platforms.12,13 Host reads 
were removed using Bowtie2,14 and species abundances were 
derived via MetaPhlAn,15,16 producing final sample-level 
abundance tables. 16S rRNA amplicon sequencing targets 
the bacterial 16S gene to infer community composition at the 
species level.17,18 In such workflows, the 16S rRNA gene was 
amplified by PCR,19 followed by barcoded Illumina sequenc-
ing.20 Reads were quality-filtered using DADA2 and Deblur,21 
demultiplexed,22 and taxonomically assigned using the SILVA 
reference database to generate amplicon sequence variants 
(ASVs) and abundance matrices.23

Sample reads were compiled, with columns representing 
bacterial species, while rows represented samples. A given 

abundance value could be understood based on the column 
it belonged to (which bacterial species the abundance was of ) 
and the row it was present in (which species had this abun-
dance level). Finally, binary encoding was done for each sample 
based on the class it belongs to: ‘0’ (healthy) and ‘1’ (diabetic).

Separation was made between true zeroes and unmeasured 
values; true zeroes were retained while unmeasured values were 
removed. Samples with >10% of bacterial species not measured 
were excluded. Additionally, those bacterial species present in 
<5% of samples were eliminated, reducing noise and overfit-
ting. Missing abundance values were imputed by taking the 
median abundance of each bacterial species within the given 
group. Imputed values were flagged for later identification, and 
a final filtration was done of any sample or feature with over 
20% imputed entries. This elimination ensured minimal fabri-
cated data, preserving biological validity and natural variation.

Post-data cleaning, the final pre-processing steps were 
performed to eliminate any remaining discrepancies. Fea-
ture harmonization helped resolve duplicate taxa created by 
inconsistent naming across studies. Once complete, a sam-
ple-by-feature matrix was generated, with the remaining 
metadata stored separately. A train-test split was done in the 
80:20 ratio, respectively. Class balance was ensured across splits 
to prevent model bias towards any majority class.

Constructing the Machine Learning Model:
Random forest (RF) model was selected due to the data’s 

high dimensionality and sparsity, with features greatly exceed-
ing the number of patient samples. Such a model can mitigate 
the overfitting commonly seen in single decision trees trained 
on the given biological data’s nature. As an ensemble method, 
it reduces variance by averaging predictions from multiple, di-
verse trees and thereby reducing model variance.24

The implemented random forest model yielded an accu-
racy of 0.82. However, there was significant overfitting and 
low biological validity, as found through discrepancies be-
tween top SHAP-derived feature importances and expected 
biological relevance. The features used to train the RF model 
include: number of samples in which a species was detected, 
mean relative abundance, median abundance, and standard 
deviation of abundance. The data’s high sparsity, with many 
zero and near-zero values, combined with high dimensionality, 
worsened model overfitting. Too many predictors relative to 
samples exacerbated this. Derived statistical measures that the 
random forest could not fully mitigate. While RF constructs 
each tree on a random subset of features and samples, each tree 
can individually overfit noisy, high-dimensional input that was 
present in the dataset, and generalization is impaired.

After evaluating the RF model, simpler regression-based 
approaches were tested to compare performance and interpret-
ability. Recognizing that training on derived statistics (mean, 
median, and standard deviation) increased input noise and 
overfitting, subsequent models were built using solely abun-
dance values to improve signal-to-noise ratio and biological 
interpretability. XGBoost, LASSO, Elastic Net, and Ensemble 
regression models were evaluated. Each regression model was 
selected to enhance generalizability by learning from features 
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Table 1: Exclusion and inclusion criteria were used to filter gut microbiome 
data samples from studies, including subjects based on age (1-90 years), 
BMI (15-45), and sex, and excluding based on chronic diseases, medications, 
smoking, pregnancy, and treatments.
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across patients while managing sparse data through selective 
feature weighting. This balanced bias and variance control for 
improved stability and interpretability of features. LASSO and 
Elastic Net applied built-in regularization constraints to mini-
mize overfitting in such high-dimensional data. The ensemble 
regression model was implemented to combine multiple weak 
learners, enhancing predictive robustness while also reducing 
variance. Performance results of the models based on standard 
ML metrics are shown in Figure 1.

XGBoost, a gradient-boosted ensemble, was specifically se-
lected because of its ability to sequentially correct prior errors 
and natively handle sparse data, addressing both bias and vari-
ance. The model’s sequential tree-building process improved 
generalization over RF, improving the biological plausibility 
of selected features. XGBoost achieved the best performance 
compared to the other models with a testing accuracy of 
0.7613. Its iterative error correction and regularized approach 
sequentially corrects prior mistakes, reduces model complexity, 
and accommodates sparsity with built-in mechanisms.

Only 458 columns contained >10% non-zero values, 
prompting tests of higher density thresholds, where datasets 
were reconstructed using limits to filter features with >30% 
and >50% non-zero values. However, model accuracies de-
creased when trained on these filtered datasets. This approach 
inadvertently excluded biologically important yet sparse fea-
tures that showed significant variation between diabetic and 
healthy groups. The omission of these features also degraded 
SHAP-reported feature importance profiles, ultimately reduc-
ing biological accuracy.

Age and BMI values for each patient were collected, but had 
not been incorporated into the model initially. These variables 
were subsequently included, as they were hypothesized to be 
indicative of metabolic status and potentially improve general-
ization by providing physiologically relevant context. However, 
with a significant amount of BMI data available only as cate-
gorical ranges rather than precise values, its inclusion led to a 
slight reduction in model accuracy, suggesting limited predic-
tive benefit under the current data conditions. Therefore, the 
final model only included age as a demographic feature from 
the sample metadata.

When calculating SHAP values, there remained a lack of 
biological accuracy and scope for improving generalization 
through refined feature selection. To address this, two com-
plementary approaches were implemented: Gradient Boosting 
Machine (GBM) and SelectKBest using f_classif for feature 
selection. Since the model continued to demonstrate overfit-
ting, these methods were applied to ensure that the selected 
features enhanced generalizability. Applying both techniques 
helped mitigate the effects of high dimensionality by ensuring 
that trees utilized consistently differentiating or statistically 
significant features for prediction, thereby improving model 
performance.

GBM provided a measure of feature importance, quantify-
ing the contribution of each feature to model accuracy during 
training. SelectKBest ranked features based on the ANOVA 
F-test for classification, selecting the top K features with the 
highest scores. SelectKBest was applied once on the training 
subset obtained from an 80:20 train–test split. Feature selec-
tion was not performed for each fold. The feature selector was 
fitted exclusively on the training data, and the resulting feature 
transformation was then applied to the test set.

Following implementation and SHAP-based feature evalu-
ation, there was a notable increase in biological accuracy. More 
of the identified species corresponded to documented gut mi-
crobiome biomarkers associated with diabetes, accompanied 
by a measurable improvement in predictive accuracy. Among 
the top 15 SHAP values, 7 overlapping features were observed 
between the GBM and SelectKBest results, reinforcing the ro-
bustness of the final feature set.

The validation methodology employed in this study uti-
lized GridSearchCV with the model during hyperparameter 
tuning, supporting the identification of optimal parameter 
combinations.25 Specifically, a k-fold cross-validation meth-
od was conducted on each combination.26 The parameter set 
with the best average score was chosen as the optimal model 
hyperparameters, ensuring performance was generalised across 
train-test data splits.

For GBM, changes, including adjusting the number of 
estimators (129) and maximum depth (4), and refining ul-
tra-sparse feature thresholds, increased model accuracy from 
0.73 to 0.78. For SelectKBest, changes, including tuning the 
number of selected features (K=1480) and updating the spar-
sity threshold, improved accuracy from 0.76 to 0.80. These 
parameter refinements ensured more stable feature selection 
and better representation of biologically relevant features.

Interventions:
Probiotics contain live bacteria with beneficial effects, while 

prebiotics are nutrients that promote the proliferation of these 
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Figure 1: Classification performance across regression-based models shows 
that tree‑based and ensemble approaches outperform linear models, with all 
achieving balanced precision, recall, and F1‑scores.

Table 2: Precision and recall analysis post-dataset alterations: original 
data (precision 0.76, recall 0.75); after columns with >30% non-zero values 
removed (0.73, 0.70); >50% non-zero values columns removed (0.75, 0.71); 
with age and BMI covariates (0.73, 0.76).
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repository to enable microbiome-targeted intervention. This 
represents a hypothesis warranting in vitro or clinical valida-
tion, not a confirmed therapeutic recommendation.

Fecal microbiota transplantation (FMT) refers to the trans-
fer of a healthy donor’s stool (believed to have a balanced gut 
microbiome) to a diseased recipient (with an unbalanced mi-
crobiome composition).29 The aim of this intervention is to 
restore the microbial balance of up- or down-regulated gut el-
ements in the diseased recipient, reversing dysbiosis.30 Healthy 
samples from the initial data sheet were taken as potential do-
nors, with 50 diabetic samples randomly selected as recipients 
of FMT. During preprocessing, only bacterial species present 
in at least 10% of samples were retained to remove extremely 
rare features.

Across the healthy samples, key measures of central tendency 
were calculated, including mean, median, standard deviation, 
and the 10th and 90th percentiles. These became the bench-
marks of each bacterial species as it would exist in a healthy, 
balanced gut microbiome, enabling comparison of excess and 
deficit species in the diabetic patient. For each Type 2 Diabetic 
patient (recipient), three key metrics were calculated: deviation 
from the mean, Z-score, and percentile position. Given the 
high variance in diabetic sample species abundance compared 
across the healthy donors, values of ‘0’ and ‘100’ were given if 
the values were lower than the minimum or exceeded the max-
imum, respectively, handling outliers during percentile ranking.

Donor-recipient mapping began by identifying taxa in each 
diabetic patient requiring modulation, using Z-score and per-
centile ranks to classify over- or under-represented species. A 
conditional framework combined these criteria to label each 
taxon as high, low, or normal in abundance, prioritizing signifi-
cant deviations as biologically relevant. Figure 3 highlights the 
step-by-step process through which a verdict was defined on 
whether modulation was needed for a given bacterial species.

A donor-species matrix was crafted by calculating each 
taxon’s abundance across all healthy samples. percentile ranks 
for each bacterial species across potential donors. This helped 
identify the placement of different donors for a given bacte-
rial species presence in the context of the remaining samples, 

beneficial microorganisms. Together, they synergistically aim 
to enhance the growth of targeted species like Bifidobacterium 
and Lactobacillus, improving gut health. In combination with 
the addition of substrates such as lactose, which support bac-
terial growth, they form a synbiotic. This combination results 
in a greater overall effect, specifically designed to support the 
newly introduced beneficial bacteria and improve gut micro-
biota balance.27

The analysis of patient-derived microbiome samples iden-
tified key microbial taxa contributing to gut dysbiosis and 
potential progression toward disease states. Quantitative as-
sessment of compositional profiles provided insight into taxa 
whose relative abundances deviated significantly from those 
characteristic of a healthy microbiome. These deviations were 
used to inform strategies for the administration of synbiot-
ics driven by computationally-derived hypotheses for targeted 
modulation strategies.

Taxa exhibiting abundances exceeding or falling below 
established healthy thresholds were prioritized for individu-
alized intervention. The magnitude of deviation from these 
thresholds informed the formulation of patient-specific syn-
biotic compositions, comprising agents that either promote 
or suppress the growth of particular bacterial taxa. This pre-
cision-guided framework generates candidate intervention 
hypotheses, requiring experimental validation before thera-
peutic application.

Individual patient analyses for specific microbiome features 
are illustrated in the figures. Key indicators of dysbiosis can be 
identified by examining bacterial taxa within patient samples 
that significantly contribute to the disease state. In the depic-
tion above, diabetic patients exhibit species-level abundances 
that differ from the median values observed in healthy controls. 
These deviations can be mapped to bacterial species within 
a repository containing evidence-based synbiotics known to 
upregulate or downregulate specific taxa. In the first patient, 
targeted intervention may be beneficial due to the observation 
of elevated Clostridium bolteae levels. The synbiotic combina-
tion Clostridium butyricum with chitooligosaccharides (COS) 
has been tested and shown to inhibit pathogenic Clostridium 
species, improving intestinal barrier integrity and reducing 
inflammation.28 This demonstrates how individualized micro-
biome analysis can be integrated with a synbiotic intervention 
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Figure 2: Comparative abundance of the top 10 microbial biomarkers 
reveals pronounced deviations in specific taxa between a diabetic patient 
and the healthy reference range, underscoring candidate species for targeted 
microbiome modulation.

Figure 3: A flowchart illustrates the step-by-step evaluation process for each 
bacterial species' abundance in gut microbiome samples, determining the need 
for regulation based on Z-score, percentiles, and deviation from healthy norms.
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consistency of the model is further highlighted by the absence 
of sharp drops, which would otherwise indicate overfitting or 
instability.

Building on the inferences made on the importance of fea-
ture selection, a chart was plotted to deduce the relationship 
between an increasing number of features and the resulting 
model accuracy. The chart was built post-filtering the ul-
tra-sparse features, with <2000 features of the original ≈4500 
features for the SelectKBest method. Iterations were conduct-
ed at a step value of 20, measuring the model accuracy with 
an increasing number of features. Figure 10 depicts this re-
lationship. An evident finding from the chart is the absence 
of monotonic improvement of the model correlating with 
the number of features included. As can be seen, the high-
est accuracy value was achieved not with the complete set of 
non-ultra-sparse features, but in fact from a lower number 
of selected features (≈1440). The curve can be interpreted as 
showing how fewer features, in such a case, can help declut-
ter data for enhanced model performance. Selecting only the 
most informative features supports generalization and the de-
noising of data, since the inclusion of more redundant bacteria 
increases dimensionality while not adding signal. Therefore, 
alongside simply ultra-sparse feature elimination, purposeful 
feature selection using computationally-backed methods is 
critical when working with data of the nature of microbiome 
samples.

which would aid in ranking candidates for the given diabetic 
recipient. For each recipient, only dysregulated bacterial spe-
cies were considered. Percentile values were converted into 
directional percentiles: higher percentiles favored donors ca-
pable of upregulating deficient taxa, while inverted percentiles 
favored donors suited to downregulate excessive ones.

These directional percentiles were weighted by the absolute 
value of the Z-score for each taxon, emphasizing those spe-
cies that were deviating more significantly. A weighted average 
was calculated to produce donor-specific computationally pre-
dicted compatibility scores, where increased scores indicated 
better donor-recipient matches. Accordingly, the weighted 
averages were ranked in descending order. The donor ID was 
retrieved for the corresponding score, enabling a final list of 
the top donors for a given recipient.

�   Results and Discussion 
Model Optimization and Performance:
The final testing accuracy achieved for the model was 

80.00%. Alongside accuracy, other metrics were also measured 
to evaluate the model’s performance, as shown in Table 3.

A confusion matrix of the XGBoost model predicted 64 true 
positives, 60 true negatives, 16 false positives, and 15 false neg-
atives. Figure 4 depicts the ROC/AUC curve plotted for the 
XGBoost model. The XGBoost model achieved an AUC val-
ue of 0.856, indicating strong discriminative ability with high 
true-positive rates and low false-positive rates.

A precision-recall curve demonstrated a strong model per-
formance with an average precision of 89.66%. The strong 
ranking ability demonstrated across a wide range of recall val-
ues highlights the balanced performance of classification. The 
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Figure 4: ROC curve for the XGBoost model predicting type 2 diabetes 
from gut microbiome data (AUC=0.86), demonstrating strong discriminative 
ability.

Figure 5: Precision-recall curve of the XGBoost model, with an 89.66% 
average precision.

Table 3: Model metrics evaluating performance of XGBoost classifier: 
healthy class (precision 0.80, recall 0.79, F1 0.79, support 76); diabetic class 
(0.80, 0.81, 0.81, support 95); averages (0.80).

Figure 6: Model accuracy of XGBoost classifier across varying numbers 
of selected features (k=100 to 1750), showing peak performance at ≈1440 
features.
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Model Explainability and Feature Robustness:
SHAP values describe the magnitude of contribution of a 

given feature, alongside the directional effect of a given fea-
ture’s values on the predicted risk of both an individual sample 
and the overall model. A global SHAP feature importance 
plot helps rank different features (bacterial species) by their 
mean SHAP contribution, enabling comparison of each fea-
ture’s overall influence irrespective of direction. This supports 
the identification of the most influential microbiome species, 
helping validate feature selection and interpretability. Figure 6 
details such a plot for the XGBoost model. The presence of age 
as the feature with the largest contribution is consistent with 
the strong age-linked microbiome patterns expected in T2DM. 
Other gut microbial species shown have prior associations with 
key biological processes involved in diabetes, including metab-
olism, inflammation, and insulin resistance, highlighting the 
biological plausibility of the signals identified by SHAP.

The stability of bacterial features selected using the SelectK-
Best method was validated in Figure 7, highlighting feature 
selection performed across 100 bootstraps. The original dataset 
samples were taken with replacement to create new datasets 
of equal size but varying compositions. All displayed taxa 
were selected in ≈0.63-0.71 bootstraps, highlighting the ro-
bustness and reproducibility of the bacterial features selected 
by the model. This demonstrates the biological validity of the 
features of these features by SelectKBest. Further, the absence 
of any single biomarker dominating with a near 100% stability 
highlights the multi-taxa considerations taken for the classifi-
cation of any sample, justifying the biological grounding of the 
model. Similarly, the absence of very low-frequency features 
(<0.4) supports model stability and the effectiveness of feature 
filtering in eliminating non-significant features that would 
otherwise highly fluctuate between bootstraps.

Necessity of Multivariate Modeling over Univariate Analy-
ses:

To illustrate the inter-feature relationships within the mi-
crobiome dataset, a correlational network map was created, 
as shown in Figure 8. Each microbial taxon is represented by 
a node, with the edges between the nodes depicting the cor-
relations seen. Thicker edges represent stronger correlations, 
and groups of microbes seen in clusters are termed modules, 
acting as functional groups that co-occur. The presence of mul-
tiple sub-communities indicates microbial co-participation in 
pathways linked to diabetes status. The high interconnectivity 
reflects the co-variance of taxa, reinforcing the interdependent 
structure of the microbiome. Therefore, the presence of a struc-
tural and functional network demands the use of multivariate 
analysis and machine learning to capture network-level depen-
dencies as compared to single-taxon statistical testing.

The above two graphs exemplify the need for machine 
learning to be employed in microbiome data for classification 
applications, as compared to traditional statistical approaches 
to such tasks.

In order to biologically validate the basis on which the re-
search was crafted, namely the presence of varying abundances 
in gut microbiome species between diabetic (red) and healthy 
(blue) classes, violin plots were constructed as shown in Figure 
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Figure 7: Global feature importance plot based on mean SHAP values from 
the XGBoost model, ranking top bacterial taxa contributing most to type 2 
diabetes classification.

Figure 8: Biomarkers stable at 0.63-0.71 bootstrap frequency confirm robust, 
reproducible feature selection.

Figure 9: Network reveals interconnected microbial guilds co-varying with 
diabetes, validating multivariate ML over univariate analysis.
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9. Given the distinct abundance values between the two groups, 
a clear validation of gut biomarkers for diabetes is present, with 
either more or fewer enriched species in samples with the dis-
ease. Bidirectional shifts in abundance further strengthen the 
biological validity of the dataset, supporting a multi-feature 
approach over single-taxon analysis. Further, compared to the 
healthy violins, the diabetic violins are wider, indicating great-
er intra-group variance that highlights microbiome instability 
and dysbiosis, a hallmark of metabolic disorders like T2DM. 
Finally, significant overlaps in bacterial taxa (Prevotella copri, 
Hespellia stercorisuis, Clostridium bolteae, among others) be-
tween the global SHAP values and top SelectKBest features 
represented in the violin plots (Figure 9) demonstrate the va-
lidity of the most important features chosen by the two feature 
selection methods.

The features represented in the violin plots and the SHAP 
analyses were compared with those identified gut biomarkers 
from the literature review. While most were bacterial species 
that were known, well-researched diabetic signatures, there 
were certain taxa that had not been documented as biomark-
ers of T2DM. Further research was conducted on such species, 
examining potential pathways and intermediary biological 
components that would correlate the given species with known 
T2DM processes. For instance, Lactobacillus paracasei is known 
as a probiotic in therapeutic contexts, though it has not been 
associated with diabetes. However, certain studies prove that 
in animal models, supplementation of the bacteria improved 
hyperglycemia, reducing inflammatory markers and also sup-
porting an improved gut-barrier integrity.31,32

Alistipes timonesis is another taxon that, while correlated with 
gut dysbiosis overall, has not been classified as a T2DM mark-
er. Its production of unique metabolites (such as sulfonolipids) 
ties it with diet-linked gut changes,33 given that diet is a strong 
risk factor for diabetes, and high-fat/high-animal-based diets 
were associated with increased levels of Alistipes,34 it can be 
hypothesized that the given species is a potential diabetes bio-
marker. The identified up-regulation in the diseased state, when 
further justified by the evident increase of the taxa’s abundance 
in the diabetic samples shown in the violin plots, indicates the 
plausibility of this gut microbe as a possible diabetic indicator. 
Another species in the genus Eubacterium contains multiple 
species that produce butyrate.35 Given butyrate’s known role 
as a metabolite linked to gut integrity and insulin sensitivity,36 
thereby indicating that the bacteria’s presence in the butyr-
ate-producer network could correlate with T2DM risk.

Synbiotic-Mediated Pathway Regulation:
Individual patient compositions led to insights on potential 

synbiotic formulations that could be administered to upregulate 
or downregulate bacterial species. Key biomarkers deviating 
from healthy thresholds were specifically targeted using syn-
biotics, such as Lactobacillus rhamnosus GG and d-tagatose, to 
upregulate Lactobacillus,37 as shown in Figure 10. Species were 
ranked by importance and degree of deviation from the healthy 
median. For each key feature identified, corresponding synbi-
otic candidates were recommended. Patient-specific taxa show 
significant individual variation, thereby supporting personal-
ized synbiotic design.

Expanding the current repository of experimentally validat-
ed synbiotics (Table 4) could enhance intervention design by 
broadening the range of targetable biomarkers. Further exper-
imental validation of untested synbiotics is essential to ensure 
clinical reliability. Nonetheless, synbiotics remain a promising 
route for modulating influential taxa, enabling personalized 
and targeted treatment strategies.

FMT Donor Predictive Scoring:
According to the methodology detailed in Section 2.4, 

donor-recipient rankings were generated for all the diabetic 
patients, with the top 20 results summarized in Table 5. Here, 
FMT is modelled computationally as a hypothesis-generating 
framework; the donor rankings produced are candidate match-
es for experimental testing, not clinical prescriptions. The 
FMT rankings and match scores were calculated for 50 dif-
ferent recipients (diabetic patients), across whom donor match 
scores exhibited a high range. Top-ranking donors fell between 
the ≈93.9-94.9 band as shown in the bar plot, highlighting 
the strong computationally predicted compatibility of a set of 
donors for certain recipients. The distribution of donor scores 
highlighted the influence of variations in the magnitude of a 
certain microbiome community’s presence on their suitabili-
ty to the recipient. While generalized across the 50 recipients, 
such results highlight the existence of multiple possible donor 
matches for a given diabetic patient undergoing FMT. Further, 
variability among donor ranks between different recipients 
highlights the importance of personalized, recipient-specific 
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Figure 10: Violin plots of top features from SelectKBest analysis in gut 
microbiome data for type 2 diabetes prediction, comparing distributions (blue: 
healthy; red: diabetic) for key taxa. Violin plots confirm distribution shifts in 
top taxa between groups.

Figure 11: Profiling workflow maps dysregulated taxa to personalized 
synbiotics, bridging biomarkers to clinical modulation strategies.

Table 4: Excerpt of synbiotic intervention data used in post-patient analysis, 
including modulating influent taxa, synbiotic category, targeted bacterial 
strains, and clinical strain IDs.
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donor-matching as compared to a universal preference for any 
given donor.

By compiling the results of 10 of the 50 recipients for vi-
sualization purposes, a heatmap was constructed, depicted 
in Figure 11. Of greatest significance is the finding that do-
nor-recipient computationally predicted compatibility patterns 
are heterogeneous, shown in the variations in efficacy of a given 
donor for different recipients. The presence of certain donors 
possessing high matching scores across multiple recipients 
does hint at a potential ‘broad spectrum donor’ status; howev-
er, personalized donor selection is, in almost every case, more 
effective than the universal selection of any one given donor 
across recipients. The variation in range and distribution of 
donor computationally predicted compatibility scores across 
recipients indicates that some diabetic patients could be eas-
ier to match with healthy donors, while others require a larger 
pool for finding effective matches. Finally, clustering within 
the heatmap indicates groups of donors sharing microbiome 
features that confer similar match profiles.

In order to map trends within and across recipients, box-
plots were constructed (Figure 12). These charts further 
extrapolated the idea of inter-recipient variability, wherein cer-
tain diabetic patients are easily matched by the set of donor 
samples taken, while others, possessing lower match scores, 
are harder to match. However, the presence of higher outli-
ers even for those recipients with lower average scores (such 
as ‘T2DM 17’, ‘T2DM 210’, ‘T2DM 108’) indicates that even 
such patients have highly compatible donors, despite being 
isolated. In comparison, certain recipients (including ‘T2DM 
135’, ‘T2DM 120’, ‘T2DM 90’) demonstrate high score rang-
es with low variance, implying their greater matchability for 
the given healthy sample group chosen. Recipients with lower 
inter-quartile ranges suggest more robust donor predictions, 
while wider intervals indicate high donor-specific performance 
fluctuations. The construction of such a box plot exemplifies 
the importance of the continuous nature of donor-recipient 
match data, as compared to a binary classification that lacks 
the sophistication of a computed score range.

�   Conclusion 
The study employed a machine learning model to classify 

patients between T2DM and healthy classes based on their 
gut microbiome readings, aiding improved disease diagnosis 
and targeted intervention. Such an approach transcends tradi-
tional statistical analyses that often use univariate comparisons 
between groups for predictions, instead employing a multivar-
iate approach better aligned with interdependencies between 
biological features. When seen in the context of the nature 
of microbiome data (with a 95.8% sparsity in the training 
set employed for this study), the achieved 80.00% test accu-
racy highlights the immense potency of such computational 
techniques in enabling early detection and intervention. Mi-
crobiome-driven disease diagnostics can complement standard 
glucose and metabolite tests, especially due to their ability to 
offer a scalable, non-invasive diagnostic that complements pre-
cision medicine and personalized therapeutic interventions.

An outcome of the study was the high robustness of ML 
models in maintaining biological integrity and remaining re-
liable to the pathophysiological nature of a given disease. The 
construction of SHAP analyses, correlational network maps, 
and violin plots confirms that the top predictive taxa used in 
feature selection methods are highly representative of docu-
mented species. The employment of feature analysis further 

Table 5: Top donors score 93.9-94.9 for select recipients, showing score 
drop-off and recipient-specific matching superiority.

Figure 12: Heatmap illustrates donor-recipient match scores for FMT 
charts, highlighting trends within recipient sets; wider intervals indicate high 
variability, and boxplots show donor distribution compared to T2DM patient 
profiles.

Figure 13: Boxplots reveal broad variability in matchability across recipients, 
favoring personalized over universal donor selection.
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supported the identification of novel or under-reported taxa 
that had a highly plausible connection to T2DM processes 
through various pathways and metabolic intermediaries. Such 
results highlight the study’s informed findings of potential bio-
markers that require further research to expand the existing 
literature on the topic.

Given that only ≈4% of the data used contained non-ze-
ro values, the ability for the model to generalize findings 
towards an 80% testing accuracy, precision, and recall, demon-
strates the strong robustness of the created model to noise and 
class imbalance. In the context of existing studies, large-scale 
T2D analyses employed XGBoost models, such as the XG-
Boost‑based model in Gut Microbiota and Type 2 Diabetes38 
and the China‑specific obesity‑related study39achieved AUCs 
of 0.84 and 0.70, respectively, with Bacteroides emerging as a 
top‑ranking feature across both. In contrast, this study achieves 
comparable or higher AUC (0.85) while maintaining perfor-
mance across diverse demographic groups. The greater success 
achieved by our model can largely be attributed to biological-
ly-informed feature selection (GBM and SelectKBest) and 
regularized designs to minimize overfitting.

The integration of two interventions, FMT and synbiotics, 
further emphasises the translational value of the model in sup-
porting therapeutic modeling. The pipeline’s ability to provide 
personalized microbiome restoration strategies by pinpoint-
ing up/down-regulation highlights the widespread potential 
of such computational methods. Using precision synbiotic 
design and donor-recipient matching algorithms, the system 
developed acts as a closed-loop diagnostic-intervention cycle 
enabling prediction, validation, and personalisation.

The largest constraint in deploying such models is the dearth 
of open-source disease-specific microbiome data that ensures 
standardization of data collection and demographic (metadata) 
diversity and availability. Future research studies that produce 
data must integrate host metadata consistently, prevent in-
tra-study sample variation for key criteria (such as the presence 
of other chronic diseases or illnesses), and expand sample size. 
Such improvements can enable the use of more sophisticated 
models to improve inter-study classification validity and pre-
diction accuracy.

Future directions for this research include: a) assimilating 
datasets with larger sample sizes for improved feature-to-sam-
ple ratio, enhancing performance; b) testing model robustness 
through mimic disease incorporation (obesity, T1DM, other 
related diseases); c) integrated intermediary stages (predia-
betic) between healthy and diabetic for early intervention; d) 
expanding personalized therapeutic strategies, such as testing 
efficacy of diet interventions; e) collecting human gut samples 
from patients belonging to the two cohorts, to conduct a dou-
ble-blind study on disease status prediction.

By demonstrating the ability of machine learning to classify 
diabetic patients with high accuracy even in ultra-sparse micro-
biome environments, staying rooted in biologically-grounded 
networks and co-occurrences, this work marks a pivotal step 
toward data-driven, personalized diabetic diagnostics and in-
terventions.
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