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B eginning of AI revolution

A class discovery procedure automatically 

discovered the distinction between acute myeloid 

leukemia (AML) and acute lymphoblastic leukemia 

(ALL) without previous knowledge of these classes.



Supervised learning is a machine learning approach that’s defined by its use 

of labeled datasets. These datasets are designed to train or “supervise” 

algorithms into classifying data or predicting outcomes accurately. Using 

labeled inputs and outputs, the model can measure its accuracy and learn over 

time.

Unsupervised learning uses machine learning algorithms to analyze and 

cluster unlabeled data sets. These algorithms discover hidden patterns in data 

without the need for human intervention (hence, they are “unsupervised”).

Machine Learning



Classification and Regression

Regression and Classification algorithms are S upervised Learning 

algorithms. Both the algorithms are used for prediction in Machine 

learning and work with the labeled datasets. But the difference 

between both is how they are used for different machine learning 

problems.

The main difference between Regression and Classification 

algorithms that Regression algorithms are used to predict the 

continuous values such as age and BMI. and Classification 

algorithms are used to predict/Classify the discrete values such as 

disease severity.

Supervised Learning



Supervised learning is a machine learning approach that’s defined by its use 

of labeled datasets. These datasets are designed to train or “supervise” 
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Unsupervised learning
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Unsupervised Learning

Clustering is a data mining technique for grouping 

unlabeled data based on their similarities or differences. 

For example, K-means clustering algorithms assign similar 

data points into groups, where the K value represents the 

size of the grouping and granularity. This technique is 

helpful for market segmentation, image compression, etc.

Dimensionality reduction is a learning technique used 

when the number of features (or dimensions) in a given 

dataset is too high. It reduces the number of data inputs to 

a manageable size while also preserving the data integrity. 

Often, this technique is used in the preprocessing data 

stage, such as when autoencoders remove noise from 

visual data to improve picture quality.



Single-cell transcriptomics
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Single-cell analysis

Bulk analysis

Bulk RNA input

Single-cell input
Each cell type has a distinct 

expression profile

Average gene 

expression from all cells
Cellular heterogeneity 

masked

Reveals 

heterogeneity and 

subpopulation 

expression variability 

of thousands of cells



S ingle-cell trans criptomics  workflow:  Chromium technologies

1.Data Preprocessing (7 min) – Quality 
control, normalization, feature selection, and 
batch correction



Single-cell transcriptomics workflow: instrument-free

Fluent BioScience

Honeycomb



Single-cell: standard pre-processing workflow

Sequencing quality control

Read alignment,

Feature counting,

Cell calling

Quality control

Count normalization

Feature selection

Feature extraction

Data set integration

Feature extraction

Clustering Cluster/Gene analysis

selection of 2000-3000 genes

projection onto a lower-dimensional subspace

(20-50 features)

nonlinear low-dimensional embedding

(2-3 features)

batch-effect correction 



Quality control:  Not every droplet is  us eful



Quality control: Not every droplet is useful

Aim of QC is … 

▪ To remove undetected genes 

▪ To remove empty droplets

▪ To remove droplets with dead cells 

▪ To remove Doublet/multiplet

▪ Ultimately To filter the data to only include true cells that are of high quality

Above is achieved by applying hard cut-off or adaptive cut-off on …

▪ Number of genes detected per cell

▪ Percent of mitochondrial genes per cell

▪ Number of UMIs/transcripts detected per cell



Quality control:  Not every droplet is  us eful



Normalization

Purpose of normalization: Adjust raw single-cell expression values to make 

cells comparable, accounting for differences in sequencing depth and capture 

efficiency. 

Common approach: Global-scaling methods divide each cell’s counts by its 

total expression, multiply by a scale factor, and apply a log transformation to 

stabilize variance. 

Alternative strategies: Model-based or variance-stabilizing methods (e.g., 

regularized negative binomial approaches) can better account for technical 

noise and varying RNA content across cells.



Variable s election

Kobak D, Berens P. The art of using t-SNE for single-cell transcriptomics. Nat Commun. 2019 Nov 28;10(1):5416. doi: 10.1038/s41467-019-13056-

x. PMID: 31780648; PMCID: PMC6882829.

Goal: Identify genes that exhibit high variability across cell types

Focusing on highly variable genes reduces noise from ubiquitous or uninformative 

transcripts, improving downstream dimensionality reduction and clustering.



Feature extraction: Principal Component Analysis

To overcome the extensive technical noise inherent in single-cell RNA-seq data, cells are  analyzed 

based on their principal component (PC) scores, where each PC represents a metafeature

summarizing correlated gene expression patterns. 

The top principal components provide a robust, low-dimensional representation of the dataset. 

However, an important question remains: how many components should be included 

10, 20, or 100?

Elbow



Batch-effect correction



Feature extraction:  nonlinear low-dimens ional embedding

Purpose: Visualize high-dimensional single-cell data in 2D/3D 

while preserving local and global structure. 

t-SNE: Focuses on maintaining local neighborhoods; good for 

revealing clusters but may distort global distances. 

UMAP: Balances local and global relationships, faster and 

better preserves data topology and continuity.



The data belong to a cohort of 22 healthy donors 

(11 male and 11 female) where each provided 

about 40 urine samples over the time course of 

approximately 2 months, for a total of 873 

samples. Each sample was analysed by Nuclear 

Magnetic Resonance Spectroscopy. Each 

spectrum was divided in 450 spectral bins.

Proc Natl Acad Sci U S A. 2008 Feb 5;105(5):1420-4. 
Evidence of different metabolic phenotypes in humans
Michael Assfalg, Ivano Bertini, Donato Colangiuli, Claudio 

Luchinat, Hartmut Schäfer, Birk Schütz, Manfred Spraul

Urine from Healthy Donors

https://pubmed.ncbi.nlm.nih.gov/?term=Assfalg+M&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Bertini+I&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Colangiuli+D&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Luchinat+C&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Sch%C3%A4fer+H&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Sch%C3%BCtz+B&cauthor_id=18230739
https://pubmed.ncbi.nlm.nih.gov/?term=Spraul+M&cauthor_id=18230739


Urine from Healthy Donors

Principal Component Analysis



Urine from Healthy Donors

t-SNE



Urine from Healthy Donors

t-SNE



Urine from Healthy Donors

KODAMA



Urine from Healthy Donors

KODAMA



K ODAMA

https://tkcaccia.github.io/KODAMA-Analysis/



Clustering

Goal: Group cells with similar transcriptional profiles into clusters representing putative 

cell types or states. 

Approach: Build a k-nearest neighbor (kNN) graph where nodes are cells and edges 

connect similar expression profiles. 

Algorithms: 

Louvain: Community detection by optimizing modularity — fast and widely used 

but may produce unstable partitions. 

Leiden: Improved version of Louvain ensuring well-connected and more robust 

clusters. 

Random Walk: Concept underlying both methods — clusters correspond to 

regions where random walks tend to stay longer (high graph density). 

Outcome: Each cluster represents a transcriptionally coherent population, forming the 

basis for downstream annotation and trajectory inference.



Identification

Schaefer, M., Peneder, P., Malzl, D. et al. Multimodal learning enables chat-based exploration of single-cell data. Nat 

Biotechnol (2025). https://doi.org/10.1038/s41587-025-02857-9



Copy number variation



Trajectory



Cons ens us  NMF for Gene E xpres s ion Programs

Goal: Identify gene expression programs 

(GEPs) — sets of co-expressed genes 

capturing distinct biological processes or cell 

states.

Method: Apply Non-negative Matrix 

Factorization (NMF) repeatedly with different 

random initializations or subsets of data.

Each run decomposes the expression matrix 

into gene weights (programs) and cell scores 

(program activity).

Combine results to build a consensus matrix, 

highlighting stable and reproducible gene–

program associations.

https://github.com/dylkot/cNMF/tree/main
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