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Detecting communities in a network

Subsets of nodes which are densely connected internally and sparsely connected
externally.

Can be overlapping or
non-overlapping.
Some networks may not have
any meaningful community
structure.
Examples:

Social groups in social
networks.
Proteins with similar
functionality in protein
interaction networks.
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A robust baseline method: spectral clustering

A generalized framework for clustering nodes of a network:
simple,
relatively robust,
fast.
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A robust baseline method: spectral clustering

For a given n × n adjacency matrix A and a fixed number of communities K , spectral
clustering procedure can be described as follows;

1 Compute degree-normalized Laplacian matrix L by;
2 Find K leading eigenvectors of L corresponding to K largest eigenvalues of L in

absolute value.
3 Form the matrix V ∈ Rn×K with the leading eigenvectors as columns.
4 Represent each node by its corresponding row in the matrix V , i.e. vu = V [u]

corresponding to the spectral embedding of each node u = 1, . . . , n.
5 Run chosen clustering algorithm (e.g. K -means) on the embeddings vu, u = 1, . . . , n.
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A robust baseline method: spectral clustering example
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Gene co-expression networks and gene modules

Edges encode
co-expression strength
between genes.

Community structure:
strong local clustering of
genes that are
synchronized to function
together.
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scRNA-seq datasets across multiple individuals & time points

Question?
Can we construct networks from scRNA-seq data and perform community detection to
find relevant gene modules?
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scRNA-seq datasets across multiple individuals & time points

Question?
Can we construct networks from scRNA-seq data and perform community detection to
find relevant gene modules?

Yes, you can. But you better be careful!

Sparsity and noise cause missing and/or erroneous edges.
Inferred community structure may not be reliable.
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scRNA-seq datasets across multiple individuals & time points

Jerber-2021 Dataset

□ scRNA-seq of iPS cells.
□ 3 cell types, 2 time points,

∼ 20 donors.

Soskic-2022 Dataset

□ scRNA-seq of CD4+ T cells.
□ 2 cell types, 4 time points,

∼ 120 donors.
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Defining problem motivated by multi-subject dynamic networks

Problem
Given a multi-subject dynamic gene co-expression network, we aim to infer the
communities for each time point and subject.
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We want to leverage signal shared
across time and among subjects.

The goal is to infer meaningful
communities from noisy networks!
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Finding persistent communities by eigenvector smoothing

Vs,t : eigenvectors of degree normalized Laplacian of the adjacency matrix As,t .
Us,t : projection matrix onto the column space of Vs,t , i.e., Us,t = Vs,tV T

s,t

Assumption of temporal smoothness of a single subject.

min
Us,t

t=1,...,T

T∑
t=1

∥∥Us′,t − Us′,t
∥∥2

F +
T−1∑
t=1

α
∥∥Us,t − Us,t+1

∥∥2
F

subject to Us′,t ,∈
{

VV T : V ∈ RG×K , V T V = I
}

∀t .

α
∥∥Us′,t − Us′,t+1

∥∥2
F enforces smoothness over the time dimension.
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Promoting signal sharing among subjects

Assumption of similarity among subjects at a fixed time point.

min
Us,t

s=1,...,S
t=1,...,T

T∑
t=1

∥∥Us′,t − Us′,t
∥∥2

F +
T−1∑
t=1

α
∥∥Us,t − Us,t+1

∥∥2
F +

T∑
t=1

β
∥∥Us,t − μs

(
U :,t

)∥∥2
F

subject to Us′,t ,∈
{

VV T : V ∈ RG×K , V T V = I
}

∀s, ∀t .

α
∥∥Us,t − Us,t+1

∥∥2
F enforces smoothness over the time dimension.

β
∥∥Us,t − μs

(
U :,t

)∥∥2
F constrains subject-specific variations from the time-dependent

mean projection matrix μs
(
U :,t

)
and promotes signal sharing among subjects:

μs
(
U :,t

)
=

1
S − 1

∑
1≤s′≤S

s′ ̸=s

Us′,t .
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A simple yet effective iterative algorithm: MuDCoD

Global optimum of the optimization problem we defined is given by

Uℓ+1
s,1 = ΠK

(
Us,1 + αUℓ

s,2 + βμs

(
Uℓ

:,1

))
Uℓ+1

s,t = ΠK

(
αUℓ

s,t−1 + Us,t + αUℓ
s,t+1 + βμs

(
Uℓ

:,t

))
Uℓ+1

s,T = ΠK

(
αUℓ

s,T−1 + Us,T + βμs

(
Uℓ

:,T

))
,

(1)

where t = 2, . . . ,T − 1, s = 1, . . . ,S for all ℓ ≥ 0 and U0
s,t = Us,t for ∀t , ∀s.

The mapping ΠK(M) extracts the K leading eigenvectors of the matrix M.
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(1)

where t = 2, . . . ,T − 1, s = 1, . . . ,S for all ℓ ≥ 0 and U0
s,t = Us,t for ∀t , ∀s.

The mapping ΠK(M) extracts the K leading eigenvectors of the matrix M.
We allow K to vary over time and across subjects.
For each network, after each iteration ℓ, K is inferred using eigenvalue statistics.
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Evaluating the performance of MuDCoD on simulation data
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(a) SSoS setting: subjects evolve from a common ancestor at each
time step t; only the ancestor’s evolution over time is parameterized.
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(b) SSoT setting: subjects evolve from a common ancestor at t=0;
and then they evolve independently over time.
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Evaluating the performance of MuDCoD on simulation data

a) SSoS b) SSoT
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Applying MuDCoD to HipSci Consortium et al. [2021] data

Communities found by MuDCoD can recover differentiation efficiency information.
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Applying MuDCoD to Soskic et al. [2022] data

MuDCoD yields gene modules that associate with specific biological conditions.
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Conclusion and future directions

Information sharing among subjects and along the time helps to infer relevant
communities from noisy networks.

Extending MuDCoD:

■ Considering dissimilar subgroups of individuals present in the data, e.g., healthy and
diseased.

■ Aligning communities inferred for different subjects, analyzing joint modules among
subjects, flow between communities along the time.
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