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What you will learn?

1) Intro to Artificial Intelligence: Machine Learning > Deep Learning

2) Concepts and Applications in Microbiome Research

3) Machine Learning & Example

4) Deep Learning & Example

5) Pitfalls: What is Shaping Feature Importance and Downstream Predictions?

6) Recap
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Importance of Artificial Intelligence in Microbiome Research

Mohseni and Ghorbani 2024

1959 at Bell Labs, IBM, and Stanford Arthur Samuel 
- ML: initially conceptualized as a specialized branch of AI
- Discern features from extensive, diverse datasets

Summer of 1956 - Dartmouth Conference by John McCarthy 
- AI: simulating extensions of human intelligence
- Theoretical methods, techniques, and applied systems

Late 1960s to 1990 Personal Computers entering the Commercial Market
- Boolean Networks for genetic regulatory systems
- AI-based biomedical expert system (MYCIN Stanford)
- Neural networks for protein sequence & structure prediction
- ML (SVMs, decision trees) for gene expression analysis & protein classification

2000 – 2022 Human Genome Project (not only )
- AI/ML established in genomics, proteomics, systems biology
- Advanced sequencing techniques
- Computational Power and Storage Solutions
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Importance of Artificial Intelligence in Microbiome Research

(1) Rapidly collecting of substantial volumes of digital data 
(2) Exponential increase of affordable computing power (Moore's law) 
(3) Increase of data storage
(4) Global system of interconnected computer networks (e.g. AWS, Google, …)

Mohseni and Ghorbani 2024

Agenda     \ INTRODUCTION \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   



Sascha Patz | BiomeFUN 2025 | 2025-09-19                      

Importance of Artificial Intelligence in Microbiome Research

Mohseni and Ghorbani 2024
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Importance of Artificial Intelligence in Microbiome Research

Mohseni and Ghorbani 2024
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Economic & Anthropogenic Impact Evaluation

- Quality assurance
- Compliance with health standards

- Likelihood-reduction of product recalls 
- Consumer / Food safety 

- Sample disposal
- Financial implications: Cost Reduction
- Environmental considerations: Waste Reduction

Health & Precision Medicine

- Disease prevention and treatment
- Drug development
- Infectious diseases key taxa
- Classifying antimicrobial drug resistance
- Predicting disease outbreaks
- Precision Medicine
- Cosmetics, Pharmaceutics

Sustainable Agriculture / Environments

- Stress-mitigating microbiome marker taxa
- Soil health measures 
- Microbiome-assisted plant breeding
- SynCom prediction
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Applications of AI Approaches in Microbiome Research

Mohseni and Ghorbani 2024

Agenda     \ INTRODUCTION \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Microbiome Engineering & Monitoring 

- Microbial interactions
- Microbial community function
- Degree of compositional & functional manipulation
- Pathogen detection and tracking (Image Classification, 

Object Detection)
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AI > ML > DL

Artificial Intelligence (AI)

Machine Learning (ML)

- Pattern recognition, classification, prediction
- Limited in capturing complex non-linear interactions

- Linear/logistic regression, Random Forest (RF), Support Vector Machines (SVM), Gradient Boosting
Machines (XGBoost, LightGBM), k-Nearest Neighbors, Naïve Bayes, mixed effects models, 
ensemble methods
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AI > ML > DL

Artificial Intelligence (AI)

Machine Learning (ML)

Supervised
- Learning from labeled data (known input/output)
- Classification/Prediction unknown data 
- E.g. Random Forest, SVM, Gradient Boosting

Unsupervised
- Learning from unlabeled data (inputs only, no outputs)
- Clustering  Pattern / Structure Prediction
- E.g. K-means, hierarchical clustering, t-SNE
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AI > ML > DL

Artificial Intelligence (AI)

Machine Learning (ML)

Deep Learning (DL)
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- Handling with complex non-linear interactions

- E.g. Convolutional Neural Networks (CNNs), 
Recurrent Neural Networks (RNNs), 
Long Short-Term Memory (LSTM), 
Autoencoders (e.g. VAE), Graph Neural
Networks (GNNs)

… Natural Language Processing (NLP): e.g. LLMs
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Embedded Microbiome Analysis Workflow – Recap last days

Fonseca et al. 2024

FEATURE TABLE

Metagenomic Sequencing

Amplicon Sequencing / Metabarcoding

Long-Read Metagenomics
(or Genomics)

Raw Input

Pre-Processing
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Downstream AI-assisted Microbiome Analysis
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Downstream AI-assisted Microbiome Analysis

RAW INPUT: Feature Tables

- Raw sequencing reads as quantification (feature) tables

- High variability in read depths per sample

- Data heterogeneity (sequencing methods, pipelines)

- Sparsity due to zero counts

- Non-Gaussian distribution

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

RAW INPUT: Feature Tables

- Raw sequencing reads as quantification (feature) tables
- High variability in read depths per sample
- Data heterogeneity (sequencing methods, pipelines)
- Sparsity due to zero counts
- Non-gaussian distribution

- Compositional data

- relationships between its components 

 not independent 

 sum is arbitrary

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

RAW INPUT: Feature Tables

- Raw sequencing reads as quantification (feature) tables
- High variability in read depths per sample
- Data heterogeneity (sequencing methods, pipelines)
- Sparsity due to zero counts
- Non-gaussian distribution
- Compositional data

- High Dimensionality

- More features (microbial genes or taxa) than samples

 Computational cost

 Overfitting issue

 Poor generalization

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

RAW INPUT: Feature Tables

- Raw sequencing reads as quantification (feature) tables
- High variability in read depths per sample
- Data heterogeneity (sequencing methods, pipelines)
- Sparsity due to zero counts
- Non-gaussian distribution
- Compositional data
- High Dimensionality

- Relatively low number of samples 

- Impoverishes generalization to other datasets
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Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

RAW INPUT: Feature Tables

- Raw sequencing reads as quantification (feature) tables
- High variability in read depths per sample
- Data heterogeneity (sequencing methods, pipelines)
- Sparsity due to zero counts
- Non-gaussian distribution
- Compositional data
- High Dimensionality
- Relatively low number of samples (generalization)

- Lacking or inconsistent Metadata

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

PRE-PROCESSING

- Common distance and association measures:
- invalid for compositional data

- Non-linearity
- among and between features and the target/phenotype
- Increasing Feature 1  decreasing Feature 2

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis
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PRE-PROCESSING

- Common distance and association measures are invalid for compositional data
- Non-linearity: among and between features and the target/phenotype

- Statistical methods
- Outlier detection
- Normalization
- Batch effect correction 

- E.g. platform, library prep, batch processing

- Log-ratio transformations
- Compresses large values and spreads out small ones, stabilizing the variance
- Cannot deal with sparsity
- Data is often imputed

- Commonly zeros are replaced with pseudo-counts

- Other Methods: 
- CLR transformation (log-ratio)

- Values can be negative or positive (centered around 0 from -5 to +5)
- Each feature expressed relative to the geometric mean of the sample

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

PRE-PROCESSING

- Common distance and association measures are invalid for compositional data
- Non-linearity: among and between features and the target/phenotype
- Statistical methods (Normalization, Batch Effects, Log-ratios, pseudo-counts, …)

- Dimensionality Reduction:
- Feature cleaning/filtering

- E.g. low-abundance filtering, variance-/correleation-based

- Feature selection 
- Selecting optimal subspace of relevant, non-redundant features
- Supervised: e.g. Correlations, ANOVA 
- Wrapper: Recursive feature elimination (RFE), Statistically equivalent signatures (SES)
- Embedded in Models: LASSO regression, Random Forest importance

- Feature extraction
- Compressed representation of the input features
- E.g. PCA (linear transformation), tSNE (non-linear), Autoencoders (non-linear)

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

Agenda     \ Introduction \ AI CONCEPTS     > ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

PRE-PROCESSING

- Common distance and association measures are invalid for compositional data
- Non-linearity: among and between features and the target/phenotype
- Statistical methods (Normalization, Batch Effects, Log-ratios, pseudo-counts, …)
- Dimensionality Reduction

- BUT: strongly affects the performance of machine learning methods

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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MODEL INPUT

- Dependent on model selection

- Preprocessed Table

- Image-like Representation for e.g. Abundance or Absence/Presence Tables 

- Embeddings

Downstream AI-assisted Microbiome Analysis
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https://www.geeksforgeeks.org/machine-learning/linear-vs-non-linear-classification-analyzing-differences-using-the-kernel-trick/
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING & SELECTION

- Classification & Model Selection

- Linear Classifiers: Linear SVMs, Logistic
regression, linear discriminant analysis, 
partial least squares discriminant analysis
(PLSDA)

- Non-linear classifiers: SVMs, decision
trees, random forests, artificial neural
networks, gradient boosting, kernel PLS-
DA.
„Kernel Trick“
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING & SELECTION

- Performance estimation

- Quality Evaluation of a predictive model

- Holdout method: typically 70/30 split into training and test data

- K-fold (nested) Cross Validation: train k-1 fold (test on 1 fold) repeat …

- Monte Carlo cross validation (random partioning many times)

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING & SELECTION

- Optimization metrics

- Threshold-independent measures: 
- AUROC: Area under the receiver operating characteristic curve

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING & SELECTION

- Optimization metrics

- Threshold-independent measures: 
- AUROC
- …

- Threshold-dependent measures: 
- Accuracy
- Prescision
- Recall (“Sensitivity”)
- F1 score 
- …

Of all actual positives, 
how many did the model 
correctly identify?

Harmonic 
mean of 
precision and 
recall

Of all predicted 
positives, how 
many are actually 
positive?

The proportion 
of all predictions 
the model got 
correct.

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING & SELECTION

- Model Tuning

- Hyper-Parameter Optimization (HPO)
- Random Forest: number of trees, max depth
- SVM: kernel type
- Neural Network: learning rate, number of layers, number of neurons

 Finding the best combination of hyperparameters to maximize performance

- Techniques: rid search, random search, Bayesian optimization (to prior)
- Combined Algorithm Selection and HPO (CASH)

- Early stopping, model checkpoints

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING

- Model Interpretability

- E.g. Feature importance 
- Percentage drop in predictive performance when the feature is removed 

from the model

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING

- Model Interpretability

- E.g. Feature importance 
- percentage drop in predictive performance when the feature is removed 

from the model

- Gini Importance („Mean Decrease in Impurity“) 
- Every split in a tree reduces impurity
- Reduction assigned to the split-causing feature
- Normalized Sum of all reductions across all trees

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Downstream AI-assisted Microbiome Analysis

MODEL TRAINING & TUNING

- Model Interpretability

- E.g. Feature importance 
- percentage drop in predictive performance when the feature is removed 

from the model

- Gini Importance („Mean Decrease in Impurity“) 
- Every split in a tree reduces impurity
- Reduction assigned to the split-causing feature
- Normalized Sum of all reductions across all trees

- SHapley Additive exPlanations (SHAP)
- Directionality
- Game theory: each feature as player
- Feature contribution to the prediction (all Combinations)

Hernández Medina et al. 2022, Papoutsoglou et al. 2023
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Machine Learning (ML)

Logistic Regression

- Linear classifier
- Supervised algorithm
- Categorical/binary outcome (e.g. disease vs. no disease)

- Employs a logistic (sigmoid) function to model independent variables
- Probability of a sample belonging to a class

- Tending to overfitting for small sample sizes
- ALTERNATIVE: Partial Least Squares Discriminant Analysis PLS-DA

Agenda     \ Introduction \ AI Concepts >     ML >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   
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Machine Learning (ML)

Random Forests (RFs)

- “Ensemble learning”: Aggregates decision trees as a forest 
- Bagging (bootstrap sampling)
- Populating a tree (until limit set)
- At each split a feature subset evaluation
- Strongest features defines split for target prediction 

(YES/NO)
- Majority Voting over all Trees

- Overfitting and instability in case trees are too deep or 
noisy data

- Alternative: Gradient Boosting (e.g. XGBoost)

Agenda     \ Introduction \ AI Concepts >     ML >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Hernández Medina et al. 2022, Mohseni and Ghorbani 2024, Papoutsoglou et al. 2023 

CLASS P CLASS PCLASS H

CLASS P

Bagging (bootstrap sampling)



Example RF/LG

Drought Stress Marker Taxa and Classification

Sascha Patz | BiomeFUN 2025 | 2025-09-19                      Hagen et al. 2024 (Supervisor: Patz)

Michelle Hagen
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Example RF/LG

Drought Stress Marker Taxa and Classification
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Example RF/LG

Drought Stress Marker Taxa and Classification

Training a Random Forest Classifier using 5-folg nested cross validation and 1 hold out data set

Sascha Patz | BiomeFUN 2025 | 2025-09-19                      Hagen et al. 2024 (Supervisor: Patz)
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Example RF/LG

Drought Stress Marker Taxa and Classification

Sascha Patz | BiomeFUN 2025 | 2025-09-19                      Hagen et al. 2024 (Supervisor: Patz)
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Michelle Hagen

https://github.com/Computomics/
SoilMicrobiomeDroughtML/blob/
main/Machine_Learning.ipynb



Example RF/LG

Drought Stress Marker Taxa and Classification

Training a Random Forest Classifier using 5-folg nested cross validation and 1 hold out data set  AUROC

Sascha Patz | BiomeFUN 2025 | 2025-09-19                      Hagen et al. 2024 (Supervisor: Patz)
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Very High!



Example RF/LG

Drought Stress Marker Taxa and Classification

Training a Random Forest Classifier using 5-folg nested cross validation and 1 hold out data set  AUROC
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Example RF/LG

Drought Stress Marker Taxa and Classification
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Example RF/LG

Drought Stress Marker Taxa and Classification

RESULTS:

- Trained RF classifier with an accuracy of ~92% 

- 81% accuracy on an independent dataset

- Feature Importance reveals ~2,600 Drought Stress 
related ASVs 

- ASVs were associated to Isolated Strains and high-
performing SynComs derived

- Concept was then applied to Halotolerant Plant-
associated Microbial Communities

- See Abdelfadil, M.R., Patz, S., Kolb, S. et al. Unveiling the influence of
salinity on bacterial microbiome assembly of halophytes and
crops. Environmental Microbiome 19, 49 (2024). 
https://doi.org/10.1186/s40793-024-00592-3

Sascha Patz | BiomeFUN 2025 | 2025-09-19                      Hagen et al. 2024 (Supervisor: Patz)
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Deep Learning (DL)
Convolutional Neural Network (CNN)

- Spatial information, such as images
- Inductive capabilities by summarizing local structure
- Learns features from input data

- Nguyen et al. rendered an OTU table into an image 
- by reshaping each sample into a square
- where each pixel was colored based on the abundance or presence of microbial taxa

- Using inherent phylogenetic Information
- taxoNN rearranges an OTU table based on its inherent phylogenetic information
- PopPhy-CNN populates a phylogenetic tree with OTU abundances transformed into                            

2-D matrix

- Generally, these approaches outperformed their benchmarks (traditional ML or FCNNs) in host 
phenotype prediction

Hernández Medina et al. 2022, Mohseni and Ghorbani 2024
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Example CNNs

Hernández Medina et al. 2022, Mohseni and Ghorbani 2024

Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

PGPT Genome Annotation per Bacteria
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Example CNNs

Hernández Medina et al. 2022, Mohseni and Ghorbani 2024

Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

PGPT Genome Annotation per Bacteria
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Example CNNs
Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Source: https://medium.com/@nutanbhogendrasharma/pytorch-convolutional-neural-network-with-mnist-dataset-4e8a4265e118
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Example CNNs
Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation
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Source: https://medium.com/@nutanbhogendrasharma/pytorch-convolutional-neural-network-with-mnist-dataset-4e8a4265e118



Sascha Patz | BiomeFUN 2025 | 2025-09-19                      

Example CNNs
Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Pickle File Genome
Gene Count 2D

Strain-Level – Taxonomic Independent

S Patz, T Wörtwein, G. Gusak, D. Huson (unpublished)
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Example CNNs
Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation
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S Patz, T Wörtwein, G. Gusak, D. Huson (unpublished)
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Example CNNs
Prediction of Symbiotic and Pathogenic Bacteria by Targeted Gene Annotation

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

S Patz, T Wörtwein, G. Gusak, D. Huson (unpublished)

GENE1
GENE2

GENEn

…

Gene List
Pathogenic Genome

Symbiotic Genome

Gene Cluster & Pathway Reconstruction
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MLP: Multi-Layer Perceptron; CNN: Convolutional Neural Network; ResNet: Residual Neural Network; GCN: Graph Convolutional Network; GAT: Graph Attention Network; RNN: Recurrent Neural Network; 

LSTM: Long Short-Term Memory; GRU: Gated Recurrent Unit; SAT: Structure-Aware Transformer; GAN: Generative Adversarial Network; AE: Auto-Encoder; SAE: Sparse Autoencoder; DAE: Denoising

Autoencoder; CAE: Contractive Autoencoder; VAE: Variational Autoencoder; SOM: Self-Organizing Map; RBM: Restricted Boltzmann Machine; DBN: Deep Belief Network; DRL: Deep Reinforcement Learning.

Mixed Model Frameworks

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   
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Example Mixed Models: CNN-LSTM
DeepToA: an ensemble deep-learning approach to predicting the theater of activity of a microbiome

Zeng et al. 2022

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

LSTM: Long Short-Term Memory
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DeepToA: an ensemble deep-learning approach to predicting the theater of activity of a microbiome

Zeng et al. 2022

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

LSTM: Long Short-Term Memory

Example Mixed Models: CNN-LSTM
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DeepToA: an ensemble deep-learning approach to predicting the theater of activity of a microbiome

Zeng et al. 2022

Agenda     \ Introduction \ AI Concepts >     ML     >     DL     \ Pitfalls \ Summary     \ Thanks \ Reference   

Example Mixed Models: CNN-LSTM
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Data Hungriness

- Demands voluminous, high-quality, and correctly-labeled data required
- Data augmentation: comprises a set of practices to create synthetic samples

- Enlarging training dataset
- Tree-based associative data augmentation (TADA) for low-sample numbers and under-represented classes 
- New OTU samples from an inferred phylogenetic tree

- Transfer learning & hybrid models
- to be explored in the context of microbiome research
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Data Quality and Heterogeneity

- Data Source and deficiencies
- Biases of the microbiome dataset
- Sampling bias: most samples from western populations/countries

- Deduplication, class balancing
- Outlier removal and imputation
- Dimensionality Reduction: Problem of Overfitting and poor generalization
-
- BUT: influence performance

- ML models are tightly dependent on their training dataset
- Specific characteristics and scale of the dataset 

- See https://doi.org/10.1093/bioinformatics/bty949

- k-mer analysis tend to be large and redundant
- Impractical for AI
- Conversion into a binary matrix via rapid annotation using subsystem technology (RAST)
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Model Evaluation, Selection and Tuning (Rigorous validation of AI models

- Set of suitable hyperparameters
- Use Python and R libraries, such as scikit, PyTorch, Tensorflow, and mlr3 
- High-level frameworks: FastAI , PyTorch Lightning, and Keras

- Tuning and Development 
- Synthetic microbiome datasets like provided by the CAMI consortium
- Synthetic and pre-labeled microbiomes guide the choice of hyperparameters and model design
- Starting point for benchmarking and comparison

- Assess robustness or neutral benchmarking studies
- Comparison across multiple datasets

- Predictive power 
- Attainable by marrying different data modalities: microbiome, genetic, and environmental data 
- García-Jiménez et al.: 

- concept of multimodal embedding 
- through separate encoders of two modalities (environmental variables, microbial composition)
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Interpretability

- Features importance ranking for e.g. deep forest algorithms

- F/CNNs constraining the learning process with a priori knowledge, Saliency Maps
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EXPLORE

• Familiarize / inspect dataset
• Size of the feature space
• Unbalanced classes?
• Imputation or feature Engineering?

BENCHMARKING PREDICTION

• Model benchmarking / tuning
• Data Splitting: Training, Validation, Test 

sets
• (nested) Cross-Validation
• Metrics for model comparison/ 

performance

• Data- and task-dependent
• DL for large-scale or multi-modal data 
• Autoencoder incorporating data into embeddings
• Spatial information embedding in input (e.g. 

phylogenetic tree) into 2D Matrix: CNNs
• Temporal dependencies: RNN framework
• Feature Importance
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