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Cell types in our body
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RNA expression distinguishes cell type

• DNA is (to first-order 

approximation) the same for all 

the cells in your body.

• Obviously, lots of different types 

of cells, so the differences have 

to be later in the central dogma.

• Can analyze using the proteins 

and other phenotype of cell 

morphology.

• Or, can do at scale by 

measuring RNA expression 

levels.

https://en.wikipedia.org/wiki/Central_dogma_of_molecular_biology#/medi

a/File:Central_Dogma_of_Molecular_Biochemistry_with_Enzymes.jpg



Single-cell RNA-seq (scRNA-seq)
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https://training.galaxyproject.org/training-material/topics/transcriptomics/images/rna-seq-reads-to-counts/count_matrix.png

RNA-seq counts matrix



Visualizing high dimensions is hard

https://en.wikipedia.org/wiki/Hypercube

Tesseracts are 4-cubes Rotating tesseracct



Sometimes can use other properties (size, 

color) for higher-dimensional scatter plots

https://en.wikipedia.org/wiki/Kernel_metho

d#/media/File:Kernel_trick_idea.svg

https://stackoverflow.com/questions/53896144/rgl-

3d-scatterplot-controlling-size-of-spheres-from-4th-

dimension-bubble-plot



Dimensionality reduction: Some Assumptions

• High-dimensional data often lies on or near a much 

lower dimensional, curved manifold.

• A good way to represent data points is by their low-

dimensional coordinates.

• The low-dimensional representation of the data 

should capture information about high-dimensional 

pairwise distances.
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The basic idea of non-parameteric 

dimensionality reduction

• Represent each data-point by a point in a lower 

dimensional space.

• Choose the low-dimensional points so that they 

optimally represent some property of the data-

points (e.g., the pairwise distances). 

• Many different properties have been tried. 
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Two types of dimensionality reduction 

• Global methods assume that all pairwise distances are of equal 

importance.

• Choose the low-D pairwise distances to fit the high-D ones (using magnitude or 

rank order).

• Local methods assume that only the local distances are reliable in 

high-D.

• Put more weight on modeling the local distances correctly.
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Linear methods of reducing dimensionality 

• PCA finds the directions that have the most variance. 

• By representing where each datapoint is along these axes, we minimize the 

squared reconstruction error. 

• Principal Components Analysis (PCA) — Unsupervised technique 

used to reduce the dimensionality of the data

• Can be used to:

• Reduce number of dimensions in data

• Find patterns in high-dimensional data

• Visualize data of high dimensionality

• Example applications:

• Face recognition

• Gene expression analysis

• Single cell analysis
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Algebraic Interpretation – 1D 

• Given m points in a n dimensional space, for large n, how can we 

project them on a 1 dimensional line?

• Choose a line that fits the data so the points are spread out well along 

the line
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Principal components 

• Principal component 1 (PC1): The eigenvalue with the largest absolute 

value will indicate that the data have the largest variance along its 

eigenvector, the direction along which there is greatest variation

• Principal component 2 (PC2): the direction with maximum variation left 

in data, orthogonal to the 1.

• In general, only few directions manage to capture most of the variability 

in the data.
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Steps of PCA 
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• Let 𝑋 be the 𝑚 × 𝑛 data matrix, where each row corresponds to a 

data point and each column a variable.

• Let ത𝑋 =
1

𝑚
𝑋𝟏 be the row mean.

• Adjust the original data by the mean: 𝑋′ = 𝑋 − 𝟏 ത𝑋.

• Compute the covariance matrix 𝐶 of 𝑋′ by 𝐶 =
1

𝑚−1
𝑋𝑇𝑋

• Find the eigenvectors and eigenvalues of 𝐶.

• i.e. vectors 𝑒 such that 𝐶𝑒 = 𝜆𝑒, where 𝜆 is an eigenvalue.



Eigenvalues 
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Exercise – SVD for PCA

• Recall that the singular value decomposition of an 𝑚 × 𝑛 matrix 𝑀 is a 

factorization 𝑀 = 𝑈Σ𝑉𝑇, where 𝑈 and 𝑉 are real matrices with 

orthonormal columns of size 𝑚 × 𝑟 and 𝑛 × 𝑟 respectively, and Σ is a 

nonnegative real 𝑟 × 𝑟 diagonal matrix.

• Instead of using an eigendecomposition, show how you can use 

singular value decomposition instead.

• Why might one want to use an SVD-solver instead of an eigensolver for 

PCA?



Applications – Gene expression analysis 

• Group genes based on their expression

• PCA is a commonly used either instead of or prior to clustering
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PCA for cells from two lung development 

studies
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Nonlinear dimensionality reduction

• SVD and related methods like PCA 

allows you to reduce the 

dimensionality of a dataset down 

linearly.

• What if your dataset is actually 

nonlinear?

• What techniques do we have to 

reduce dimensionality while 

preserving structure?

• E.g. t-SNE and UMAP, among others.
https://en.wikipedia.org/wiki/Nonlinear_dimensionality_reductio

n#/media/File:Lle_hlle_swissroll.png



Linear methods of reducing dimensionality 

• Multi-Dimensional Scaling arranges the low-dimensional points so as to 

minimize the discrepancy between the pairwise distances in the original 

space and the pairwise distances in the low-D space.

• Metric Multi-Dimensional Scaling 
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Other non-linear methods of reducing 

dimensionality: Sammon 
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Addressing uniform circularity: Graph based 

methods 

24



Addressing impact of short distances: 

Probabilistic local MDS 

• It is more important to get local distances right than non-local ones, but 

getting infinitesimal distances right is not infinitely important.

• All the small distances are about equally important to model correctly.

• Stochastic neighbor embedding has a probabilistic way of deciding if a 

pairwise distance is “local”. 
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Local embedding 

• t-SNE is an alternative dimensionality reduction algorithm.

• PCA tries to find a global structure 

• Low dimensional subspace

• Can lead to local inconsistencies — Far away point can become nearest 

neighbors

• t-SNE tries to preserve local structure 

• Low dimensional neighborhood should be the same as original neighborhood. 

• Unlike PCA almost only used for visualization

• No easy way to embed new points 
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MNIST

L. Bottou et al., "Comparison of classifier methods: a case study in handwritten digit recognition," Proceedings of 

the 12th IAPR International Conference on Pattern Recognition, Vol. 3 - Conference C: Signal Processing (Cat. 

No.94CH3440-5), Jerusalem, Israel, 1994, pp. 77-82 vol.2, doi: 10.1109/ICPR.1994.576879.

https://www.cnblogs.com/jins-note/p/9719157.html

https://doi.org/10.1109/ICPR.1994.576879


MNIST PCA and MDS

https://www.cnblogs.com/jins-note/p/9719157.html



tSNE vs. PCA
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Stochastic Neighbor Embedding (SNE) 

• First convert / encode each high-dimensional similarity into the 

probability that one data point will pick the other data point as its 

neighbor.

• Intuition: Random walk between data points. 

• High probability to jump to a close point

• Find low dimensional points such that their neighborhood distribution is 

similar.

• To evaluate a map:

• Use the pairwise distances in the low-dimensional map to define the probability 

that a map point will pick another map point as its neighbor.

• Compute the Kullback-Leibler divergence between the probabilities in the high-

dimensional and low-dimensional spaces.
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Neighborhood distributions
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A probabilistic local method 
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Throwing away the raw data 
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SNE objective
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Evaluating an arrangement of the data in a 

low-dimensional space 
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The cost function for a low-dimensional 

representation 
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SNE algorithm
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Crowding problem

38https://en.wikipedia.org/wiki/Student%27s_t-distribution#/media/File:T_distribution_1df_enhanced.svg



t-SNE

• SNE by Sam Roweis and Geoffrey Hinton in 2002 

• Laurens van der Maaten — t-distributed variant (t-SNE) in 2008 
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t-SNE
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t-SNE gradients
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iPSC single cell data 
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t-SNE vs. UMAP

• UMAP better represents the global structure of the dataset

• UMAP is way faster than (unoptimized) t-SNE

• UMAP is more stable to subsampling than t-SNE

• UMAP can work directly in very high ambient dimensionalities 

43

Exercise: Why? What is the mathematical relationship between UMAP and t-SNE. Hint: read 

Böhm, Berens, Kobak, “Attraction-Repulsion Spectrum in Neighbor Embeddings”.



Autoencoder dimensionality reduction
https://towardsdatascience.com/difference-between-autoencoder-ae-and-variational-autoencoder-vae-ed7be1c038f2



Supervised dimensionality reduction: Neural 

Networks 
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Adding prior biological knowledge

• Protein interactions

• Transcription factors

• 1 or 2 layer PPI/TF structures
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Additional NN architectures 

• Siamese

• Still supervised, but not trying to maximize accurate classification.

• Instead, input is composed of pairs that are either similar or not

• Output is binary label (similar or not)

• Thus, these networks directly optimize a reduced dimension layer for KNN.
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Determining temporal trajectories driving 

cellular differentiation 

• Development, stem cell differentiation, cell fate decisions etc. are now 

studied using high throughput single cell data

• They often share the following attributes

• The process ends in several distinct, though not necessarily known, states (cell 

fates, cell states)

• It starts with a set of progenitor, or undifferentiated, cells

• A key goal is to understand the branching process and regulatory networks 

that govern the differentiation process
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New challenges when modeling time series 

single cell data 

• While the temporal trajectories are clear when there are no branches 

(or when using whole tissue / organism data), it is not clear how to link 

single cells across different time points

• Temporal information is not always correlated with cell fate / condition
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Reconstructing cell fate trajectories using 

time series scRNA-Seq data 

• Two primary directions:

• Dimensionality reduction-based

• Probabilistic graphical model-based
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Reconstructing cell fate trajectories using 

time series scRNA-Seq data 

• Dimensionality reduction-based

• Perform dimensionality reduction

• Identify cell trajectories and assign pseudo time ordering

• Usually using MST or other tree based approaches
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Dimensionality reduction-based methods 

• Advantages:

• Easy visualization (2D or 3D)

• Continuous cell trajectories

• Disadvantages:

• Highly dependent on dimensionality reduction methods

• Lose a lot of information 
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Reconstructing cell fate trajectories using 

time series scRNA-Seq data 

• Probabilistic graphical models

• Identify a tree structure based on clustering

• Define emission probability on each node and assign cells based on likelihood

• Advantages:

• Can apply Expectation-Maximization (EM) algorithms to iteratively improve the 

model

• Can use all the genes, does not lose information

• Disadvantages:

• Small number of discrete states cannot 

account for larger number of biological 

states

• Similar cells could be distant on the 

model
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