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Blockmodeling

With blockmodeling we can study the relationships between the units.

Blockmodeling is clustering approach for reducing
large, potentially incoherent network to a smaller,
comprehensible structure that is easier to interpret.

The result of blockmodeling is a partition of
equivalent (according to their links in the network)
nodes and an image matrix representing the links
between and within the obtained clusters.

The term block refers to the links between two
clusters and within one cluster.
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Dynamic networks

Several types of dynamic networks exists. Here, the focus is on networks, measured at multiple points in time.

@ Snapshot networks: most of nodes are present at all @ Example: a survey of mutual friendships among high
time points and the same type of relations is school students in February, March and April.
measured.

FIRST TIME POINT SECOND TIME POINT THIRD TIME POINT
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Blockmodeling of dynamic networks o

Theideais to take advantage of the fact that consecutively observed networks are dependent.

Validity

Considering dependency between the
ties from different time points can
Increase validity of the results.

The aim

To identify equivalent groups and ties
among the identified groups for each
time point and to study how they
change in time.

Recent development

Most approaches for blockmodeling
dynamic networks were developed in
recent years.

Partitions for each time point.
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networl nisms. The results show the Dynamic ] (Matias and
rforms best if the blockmodel does not change; otherwise, the Stochastic Blockmodel for Multipartite
Networks (Bar-Hen et al. 2020) does.
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The term “dynamic networks” is a general term that encompasses

various types of networks (e.g., time-stamped event or snapshot) that

Previous work

The two approaches have the highest performance in a wide range of scarious.

We have studied the performance of various blockmodeling algorithms that can be applied on dynamic
networks, including approaches for multilevel networks, linked networks, and dynamic networks.

FACTORS

Network size, blockmodel type, stability of partitions in time, and local network mechanisms affect the
performance of different blockmodeling approaches for temporal networks.

APPROACHES

Using dynamic blockmodeling approaches is usually superior to using separate blockmodeling approaches.
The most affective are

* Dynamic Stochastic Blockmodel (Matias and Miele 2017)
(if blockmodel type does not change);

« Stochastic Blockmodel for Multipartite Networks (Bar-Hen et al. 2020)
(if blockmodel type change).

LIMITATIONS
Simulations were done for asymmetric networks and without incomers or outgoers.

Cugmas, M., & Ziberna, A. (2023). Approaches to blockmodeling dynamic networks: A Monte Carlo simulation study. Social Networks, 73, 7-19.
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The aim

Addressed by Monte Carlo simulations.

Empirically compare
blockmodeling approaches Evaluate sensitivity to the

Propose guidelines for
choosing blockmodeling

on symmetric networks with basic network characteristics.
approaches.

incomers and outgoers.

1 2 3

NETWORKS WITH NETWORKS RESEMBLE KNOWN BLOCKMODEL TYPES
DIFFERENT PROPERTIES REAL WORD NETWORKS AND PARTITIONS
Different network The networks are generated by The networks are generated
characteristics are considered, considering local network such that blockmodel types and
such as network size, mechanisms which makes them partitions are known. Both can
blockmodel type, etc. closer to the real-world change in time.
networks.

www.outlier.si



Approaches for dynamic networks

Different approaches implemented in R, Python or MATLAB are considered.

SBMfMLV

BSBMfLN

Matias & Miele (2016) Chabert-Liddell (2022) Peixoto (2020) Bar-Hen et al. (2020) Skulj & Ziberna (2021) Ziberna (2020)
Statistical clustering of A stochastic block Bayesian stochastic Block models for Stochastic K-means-based
temporal networks model approach for blockmodeling generalized blockmodeling for algorithm for
through a dynamic the analysis of multipartite networks linked networks blockmodeling linked
stochastic block model multilevel networks ;.. networks
4 N O Deterministic N
Stochastic blockmodeling: assume an underlying statistical model and estimate it by maximizing some likelihood-based measure. blockmpdellng: terative
L algorithm search for
A model enables statistical inference. .
homogenous blocks in
\_ J \_ termoftievalues.  /
4 Conditional cluster N 4 )
probabilities: cluster Linked and multipartite networks: a collection of at least two one-mode networks and one two-mode network
probabilities in a current linking these one-mode networks. In the context of dynamic networks, the two-mode networks “link” the same
time point depend on units from different time points. Such network is blockmodeled as a single network (with the restriction that
cluster membership in nodes from different one-mode networks can not mix).
\ a previous time point(s). / \_ -/
g A Like DSBM b ith g A g A
Within group ties e . U.t without . They enable weighting different
. some restrictions (e.g., Assumes Poisson
probabilities . o . parts (e.g., one-mode and two -mode)
L fixed number of groups, distribution of links.
are fixed in time. fixed diagonal blocks) of a network.
N DR 2N % N /




NETWORK SIZE

Small (48 nodes) and
large (96 nodes) networks.

GROUPS’ STABILITY

Nodes can change group
membership.

BLOCKMODEL TYPES

They remain the same or change in
time.

Considered factors

Detailed descriptions follow on the next slides.

INCOMERS & OUTGOERS

Nodes can join or leave the network
anytime.

MECHANISMS

Inconsistencies are generated
randomly or by local mechanismes.

www.outlier.si
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BLOCKMODEL TYPES

Different blockmodel types and different transitions (changes) of blockmodel types are considered.
Blocks with density around 5% are considered null, and blocks with density around 25% are considered complete.

ye o oo

Nothing changes. Two off-diagonal One diagonal and

blocks change. one off-diagonal

blocks change.



INCOMERS &

OUTGOERS

Some units can join (incomers) or leave (outgoers) the
network.

When incomers join the network, they come in without
any link to the others. A group to which they join is

determined with probability that is proportional it's size.

All the units have the same probability to leave the
network. The only two exceptions are incomers and the
units from groups with less than 5 units.

Different shares of incomers and outgoers are
considered.

0% incomers / 20% outgoers

0% incomers / 0% outgoers

20% incomers / 20% outgoers

20% incomers / 0% outgoers
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GROUPS’ STABILITY

In real networks, it Is common for some units to change

group membership.
Completely stable Stable

This was simulated by randomly relocating a selected
share of units between clusters at each successive time-
points transitions.

This procedure has no effect on the cluster sizes.
Unstable Completely unstable
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MECHANISMS

The links within blocks can be generated completely at random or based on the selected local network
mechanisms (all mechanisms are assumed to have similar strengths reflected by the vector 8).

Tendency to create links to Tendency to create links to Tendency to create links to
those with the highest those with similar in-degree. those who are

in-degree. “liked by a friend”.
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Generating networks

The number of iterations was set to 5,000.

Initial network
Desired partition ITERATIVELY

Desired image matrix with block densities

Calculate S with the
values of the

Number of incomers and outgoers
Minimum cluster size

I
|
I
I Calculate linear
I

q |
I
|
I
|

units. block B.

|
|
!
|
!
. :
Rondorly choosed . scectedlocal . OTDRNOM NSy, Addsome domess
Mechanisms and their weights (6) ' network mechanisms netStat = ST B o |
Number of iterations for unit i. l
!
=TT T === - |
l With probability '
! |
I rank(netStat”); — 1 Calculate Denote a unit with !
: n—1 - netStat* = SOT max(netStatN) if Ag <0 :
: establish a link be;cijlentI:he un-l,t] from bl?cCI.( B as (too sparse) :
l between i and j. Ane all Other unis. HhiJ- Considering a uniti, 1
: Select one determine a block B :
, : if Ag=10 with the highest :
option <+ . :
| (just right) difference between |
: randomly. |
: the current and :
: Consider incomers Establish a non-link cesired density 5. :
Generated , 2nd outeoers I with the unit with ifAg> 0 :
network l 5 min(netStatN) from (too dense) |
| !
! |
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Generating temporal networks

The algorithm for generating networks was used three times for each temporal network.

NETWORK NETWORK
ALGORITHM FOR FOR THE ALGORITHM FOR ALGORITHM FOR
" GENERATING ' FIRST TIME ”  GENERATING SECOND GENERATING ' LHIRD
NETWORKS POINT NETWORKS TIME NETWORKS TIME

POINT POINT
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Separate blockmodeling approaches ©

Networks from each time points are blockmodeled separately.

Mariadassou et al. (2010) Ziberna (2020) Peixoto (2002)
Stochastic blockmodeling K-means based Bayesian stochastic
blockmodeling blockmodeling
4 N N N
stochBlockORP kmBlock m1n1m1;ia21:;:2;del_dl
(StochBlock ©0.1.2) (kmBlock ©.1.1) (graph—faol 2.58)
\ 2N 2N /
4 N N N
deg corr = False
rep = 1000 rep = 1000 B min=3
B max=3
\ 2N 2N J
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Matias & Miele (2016)

Statistical clustering of
temporal networks
through a dynamic
stochastic block model

4 )
select.dynsbm
estimate.dysbm
(dynsbm 0.7)

\_ /
4 )
iter.max = 20
nstart = 25
fixed.param=TRUE
= /
4 )
+SBM 1. initial par.
+SBM 4. initial par.

- /

Dynamic blockmodeling

SBMfMLV

Default and manual initial partitions are considered.

Chabert-Liddell (2022)

A stochastic block
model approach for
the analysis of
multilevel networks ;..

4 mlvsbm create_ N
generalized network
mlvsbm estimate
generalized network

\_  (MLVSBM 0.3.2)
4 )
directed = rep(FALSE, 3)
distribution = rep("bernoulli”, 3)
N /
4 )

+ SBM initial par.

BSBMfLN

Peixoto (2020)

Bayesian stochastic
blockmodeling

-

minimize blockmodel dl
mcmc_sweep
(graph-tool 2.58)

~

N /
4 N
deg corr = FALSE
B _min=9
B _max=9
N /
4 N
+ BSBM initial par.

- /

Bar-Hen et al. (2020)

Block models for
generalized
multipartite networks

4 N

multipartiteBMFixedModel
(GREMLINS ©.2.0)

Skulj & Ziberna (2021)

\ )
4 I
maxiterVE = 200
maxiterVEM = 200
\ )
4 I

+ SBM initial par.

Ziberna (2020)

K-means-based
algorithm for
blockmodeling linked
networks

Stochastic
blockmodeling for
linked networks
4 N
stochBlockORP
(StochBlock ©0.1.2)
\ %
4 N
rep = 1000
\ %
4 N
+ SBM initial par.
\ J

4 N
kmBlockORPC
(kmBlock ©.1.1)

N /
4 N
rep = 1000
N /
4 N
+ KM initial par.

N /




Summary of the simulation process

The results will be shown in the following slides.

GENERATE

NETWORKS

40 networks for each

combination of factors.

APPLY SEPERATE
BLOCKMODELING

APPLY TEMPORAL
BLOCKMODELING WITH
DEFAULT INITIAL
PARTITION

APPLY TEMPORAL
BLOCKMODELING WITH
MANUAL INITIAL
PARTITION
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COMPARE OBTAINED AND
TAKE THE SOLUTION IDEAL PARTITIONS USING
WITH THE BEST VALUE ADJUSTED RAND INDEX (ARI) INTERPRET THE

OF A CRITERION RESULTS
FUNCTION CALUCLATE MEAN ARI OVER
ALL TIME POINTS

This can be either The following slides ...

minimum or maximum Adjusted Rand Index takes
value, depends on the values between ~O and 1,
blockmodeling higher values indicate more
approach. similar partitions.




mean ARI

Results

Small networks, mechanisms.

K-means based approaches: -~ KM —e— KMfLN
Stochastic approaches: = SBM DSBM -=- SBMfMPN -= SBMILN -= SBMIMLV

Bayesian stochastic approaches: -~ BSBM —+ BSBMiLN

0 incomers 20% incomers 0 incomers 20% incomers
20% outgoers 20% outgoers 0 outgoers 0 outgoers

1.00 -

Separate blockmodeling is not
0.75- affected by the stability of
partitions, but it generally does
not provide the best results.

DSBM, SBMfMLV, SBMfMPN
| DSBM ~

0.50-
l SBMfMPN "‘ i ;
025- téﬁa

.\.,,,..—.SBMfMLv

abueyo ou

0.00 -
1.00-
0.75-
g-’g’ Bellow are generally the most recommended approaches
SBMfMPN 29
0.50- SBMMLY e (in some cases they might not be the most optimal).
SBMfMPN @ 3
X oD
e %.E. %‘Qj Incomers / outgoers
- 5 SBMfMLY
0.00 - No Yes
1.00-
= N
0.75- E‘-g O
oS
0.50 SBMfMPN =
-‘é 58
o &
0.25+ % ‘%ﬂ 23 Yes SBMfMLV SBMfMPN
17}
0.00 -
-::ﬂmplletely Stalble unstlable ue:rz.r cnmp;letelg.r' stalble unatlable uelry c-::-mp::letely stalble unstlable velry c-::-mr;letely Stalhle unstlable ve.:ry

stable unstable stable unstable stable unstable stable unstable



mean ARI

Results

Small networks, random.

K-means based approaches: -~ KM -+ KMiLN
Stochastic approaches: -8~ SBM DSBM -= SBMfMPN -= SBMILN -= SBMfMLV

Bayesian stochastic approaches: -+ BSBM —+ BSBMILN

0 incomers 20% incomers 0 incomers 20% incomers
20% outgoers 20% outgoers 0 outgoers 0 outgoers

1.00 -

KMfLN improves in the case of
0.75- random networks (especially in
- - g the case of unstable partitions)
| o- —o—© g and outperform SBMfMPN.
. — . O m—=H
1.00 -
e =5 Bellow are generally the most recommended approaches

29
0.50- a2 (in some cases they might not be the most optimal).
hee7 é% Eﬁ . Incomers / outgoers
0.00 - - —a—= No Yes
1.00 -
2. (stable partitions)

o g2 KMTfLN (unstable partitions)
0.50- g%
o e o2 =t b SBMIMLV (stable)  mmn
n — ., - o 2 KMfLN (unstable)

1 ] 1 ] 1 I ] I ] ] I I ] I ] I
completely  stable unstable very completely stable unstable very completely stable unstable very completely stable unstable very
stable unstable stable unstable stable unstable stable unstable



Results

Large networks, mechanisms.

K-means based approaches: - KM -e= KMfLN

Stochastic approaches: - SBM DSBM = SBMfMPN -# SBMfLN -= SBMMLV

Bayesian stochastic approaches: -+ BSBM —+ BSBMILN

0 incomers 20% incomers 0 incomers 20% incomers
20% outgoers 20% outgoers 0 outgoers 0 outgoers
1.00- SBMfMLY, SBMfMPN, SBMfLN

DSBM =——a— ——y
0.75- /
=
SBMIMLV g
0.50 - B
=
w
i)
0.25-
0.00-
1.00 -
SBMfMLV, SBMfMPN
0.75- BSBMfLN
— o2
T SBMILN ] _ 2o
-0— & — =
£ 050- &— KMfLN o a
1] = )
Q DSEM Da
= 2etigh SBMfMLV @ 3
0.25- -
0.00-
1.00 -
SBMMLV =
0.75- E%
SBMfMP S5
DSBM o ©
0.50 - S B
==
% 3
3o
0.25- g 3
@
0.00-
completely stable unstable very completely stable unstable very completely stable unstable very completely stable unstable very
stable unstable stable unstable stable unstable stable unstable

If the partitions are very
unstable, temporal
blockmodeling often does not
outperform separate
blockmodeling.

Bellow are generally the most recommended approaches

(in some cases they might not be the most optimal).

Incomers / outgoers

No Yes

No

SBMIfLN
SBMfMLV
SBMfMPN

SBMfMPN

Yes SBMfLN



mean ARI

Results

Large networks, random.

K-means based approaches: = KM -+ KMiLN
Stochastic approaches: = SBM DSBM -=- SBMfMPN -= SBMILN -= SBMIMLV

Bayesian stochastic approaches: -+ BSBM —+ BSBMiLN

0 incomers 20% incomers 0 incomers 20% incomers
20% outgoers 20% outgoers 0 outgoers 0 outgoers
1.00- B=——i —n—n l——-l::'::
0.75-
=
o
o
0.50 - B
3
=}
i)
0.25-
0.00-
1.00 -
0.75-
o
& =F
0.50 - g2
=N 2
F
0.25- a
0.00 -
1.00 - ;
o
oy o
0.75- % =
S a
0.50 - g5
=)=
%5
8o
0.25- E 2
5]
0.00-
completely stable unstable very completely stable unstable very completely stable unstable very completely stable unstable very

stable unstable stable unstable stable unstable stable unstable

The SBMfLN in some cases

(when two off-diagonal blocks
changes) vield higher mean AR,

compared to SBMfMPN.

Bellow are generally the most recommended approaches

(in some cases they might not be the most optimal).

Incomers / outgoers

No

Yes

No

SBMfLN
SBMfMLV
SBMfMPN

Yes

SBMIfLN
SBMfMPN



CONCLUSIONS

FACTORS

Different network characteristics affect blockmodeling solutions.
The presence of incomers and outgoers has also a negative effect.

APPROACHES
Generally, the most worth considering approaches are:

(Chabert-Liddell 2022): a safe choice
when there are no incomers and outgoers.

(Bar-Hen et al. 2020): a safe choice
when there are incomers and outgoers. Might have some convergence issues.

(Ziberna 2020): generally effective but it can be
outperformed by other approaches. Works best if the links within the blocks are randomly established.

(Matias and Miele 2017): works very well if the blockmodel
type does not change. Relatively (compared to other approaches) poor performance if the blockmodel
type change and the network is large.

FUTURE WORK
To apply and evaluate these blockmodeling approaches on the real-world co-authorship networks.
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GENERAL CONCLUSIONS

This study attempt to compare the efficiency of different blockmodeling approaches.
Overall, several factors (network size, blocks’ densities, local network mechanisms,
etc.) affect efficiency of blockmodeling approaches.

— Approaches not primarily developed for dynamic networks works well.
— Using dynamic blockmodeling is usually better than separate blockmodeling.

PRIOR KNOWLEDGE & SEPARATE ANALYSES

Start with separate preliminary analyses to confirm your knowledge about the network.

Various factors can affect the efficiency of blockmodeling approaches.
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