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Random Graph
In any social networks, we may compute nodal/ edge/ 

subgraph/ whole graph level indicators to describe the 

structure or composition in a network.

While you describe a high-interaction graph, how much 

confidence do you have? Or, comparing to normal/ common 

situations, is it a very special property or just a common 

phenomenon.

Therefore, we need to have random graph to strengthen our 

arguments and make it as baseline for comparison.
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Random Graph
Here is an example:
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Random Graph
How to know your graph properties 

is special or just a normal case?
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Random Graph
Imagine a transportation network, 

how to know today has a special 

event or just a normal weekday or 

weekend?
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Random Graph
Imagine a cyber network, how to know 

there is an anomaly connections or 

requests today?
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Random Graph
Building a Null Model

Erdős-Rényi Random Graph

ER is the first and most common use random graph in social network 

analysis because you only need to give G(n, p) and get your random 

graph. n, p represents the number of nodes and linkage probability, 

respectively.

ER suppose all relations are independent and the probability of 

linkage generation are equal.
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Random Graph
Building a Null Model

Erdős-Rényi Random Graph

The Erdős–Rényi model assumes that all possible relations are generated 

independently and with the same probability of edge formation.

𝑃 𝑌𝑖𝑗 = 1 = 𝑝 | 𝐺(𝑛, 𝑝)
All possible ties are independent

- Whether node 𝑖 connects to node 𝑗 does not affect whether any other pair 

connects.

All ties have the same probability 𝒑
- Every dyad has an equal chance of forming a link.
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Random Graph
Erdős–Rényi 

In the Erdős–Rényi 𝐺(𝑛, 𝑝) random graph model, each edge is 

generated independently with an identical probability 𝑝. 

Therefore, for any given node, its degree can be regarded as the sum 

of 𝑛 − 1 independent Bernoulli trials, and the degree distribution 

follows:

𝑘𝑖 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛 − 1, 𝑝)
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Random Graph
Erdős–Rényi 

–When the number of nodes 𝑛 is large, the edge probability 𝑝 is small, 

and the average degree

𝜆 = 𝑝 𝑛 − 1

– the Binomial distribution can be approximated by a Poisson 

distribution:

𝑃 𝑘 =
𝜆𝑘𝑒−𝜆

𝑘!
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Random Graph
Erdős–Rényi

This also represents one of the major differences between Erdős–

Rényi random graphs and real-world social networks. 

- In ER networks, the degree distribution is typically concentrated around the 

mean degree, resulting in relatively small degree variance.

-  In contrast, real social networks often exhibit strong heterogeneity, heavy-tailed 

degree distributions, and the presence of hub nodes.

- Consequently, the ER model is generally insufficient for capturing important 

structural properties of real social systems, such as preferential attachment, 

community structure, and clustering phenomena.
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Random Graph

Edge Probability 𝒑 Network Structure
Information 

Diffusion
Characteristics

Small 𝒑
Isolated nodes and 

small components

Difficult to spread 

globally
Sparse network

Intermediate 𝒑
Components 

gradually merge

Diffusion expands 

rapidly

Giant component 

may emerge

Large 𝒑
Most nodes 

become connected

Efficient global 

diffusion

Short path length, 

but weak clustering
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Random Graph
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Erdős–Rényi

[Practice] The Dynamic of Erdős–Rényi random graph:

Given a undirected graph with 𝑛 = 100 and 𝑝 = {0.1, 0.2, … , 1}.

Please draw the trend of degree, clustering coefficient, and degree 

distribution (degree vs log(frequency)). 



Random Graph
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Small World Network

Many real-world networks exhibit both high clustering and short 

average path length, which appear contradictory.

ER random graphs produce short paths but low clustering, whereas 

regular lattices preserve high clustering but generate long path 

lengths.

The Watts–Strogatz model demonstrates that a small amount of 

random rewiring can simultaneously maintain local clustering and 

create global shortcuts, producing the small-world phenomenon.



Random Graph
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Small World Network :: Watts–Strogatz Model

The model begins with a regular ring lattice, where each node is 

connected to a fixed number of neighboring nodes. Therefore, the 

initial network exhibits strong local regularity and high clustering.

A proportion of edges are then rewired to distant nodes with rewiring 

probability 𝛽. When 𝛽 is small, only a few long-range shortcuts are 

introduced into the network.

These shortcuts preserve most local clustering while dramatically 

reducing the average path length, thereby producing a small-world 

network.



Random Graph
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Small World Network :: Watts–Strogatz Model

Rewiring Probability 𝜷 Network Structure Clustering Path Length

𝛽 = 0 Regular lattice High Long

0 < 𝛽 < 1 Small-world network Still high Rapidly decrease

𝛽 = 1 Random graph Low short



Random Graph
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Small World Network :: Watts–Strogatz Model

[Practice] The Dynamic of Watts–Strogatz random graph:

Given a undirected graph 𝐺(𝑛, 𝑘, 𝛽) with 𝑛 = 100,  𝑘 = 4 and 𝛽 =
{0.0001, 0.001, 0.01,0.05, 0.1, 0.5, 1}.

Please draw the trend of degree, clustering coefficient, path length 

distribution, and degree distribution (degree vs log(frequency)).



Random Graph
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Small World Network :: Watts–Strogatz Model

Small-world networks explain the coexistence of high clustering and 

short average path length, but they do not fully capture the degree 

inequality commonly observed in real-world networks.

Many social and information networks exhibit highly unequal degree 

distributions, where a small number of nodes possess a 

disproportionately large number of connections, such as influential 

scholars, major cities, hub airports, popular websites, or high-traffic 

transportation nodes.



Random Graph
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Scale-Free Network :: Barabási–Albert Model

The Barabási–Albert (BA) model explains the emergence of hubs 

through two key mechanisms: network growth and preferential 

attachment.

The BA model generates networks whose degree distribution 

approximately follows a power-law:

𝑃 𝑘 ∼ 𝑘 − 𝛾, 𝛾 ~ 3



Random Graph
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Scale-Free Network :: Barabási–Albert Model

The Barabási–Albert (BA) model

–Most nodes have few connections 

–A small number of nodes become highly connected hubs 

–This heterogeneous structure is the characteristic of a scale-free 

network.



Random Graph
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Scale-Free Network :: Barabási–Albert Model

The key mechanisms are:

–Growth

The network continuously adds new nodes. 

–Preferential attachment

New nodes are more likely to connect to already well-connected 

nodes:

Π 𝑘𝑖 =
𝑘𝑖

σ𝑗 𝑘𝑗



Random Graph
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Scale-Free Network :: Barabási–Albert Model

The BA model consists of two core mechanisms: first, network 

growth, in which new nodes are continuously added to the network; 

second, preferential attachment, where new nodes are more likely to 

connect to existing nodes with many connections ➔ “rich-get-richer” 

phenomenon

In social science, this mechanism is closely related to cumulative 

advantage, prestige formation, centralized resource allocation, and 

the emergence of inequality.
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Scale-Free Network :: Barabási–Albert Model

[Practice] The Dynamic of Barabási–Albert random graph:

Given a undirected graph 𝐺(𝑛, 𝑚) with 𝑛 = 100 and 𝑚 = {1,2,4,8,16}.

Please draw the trend of degree, clustering coefficient, path length 

distribution, and degree distribution (degree vs log(frequency)).



Random Graph
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Summary

BA networks are generally robust to random node failures because 

randomly removed nodes are most likely to be low-degree nodes with 

limited influence on overall connectivity.

However, the network becomes highly vulnerable when hub nodes are 

intentionally targeted. Removing a small number of hubs can rapidly 

fragment the network and disrupt global connectivity.

Consequently, hubs simultaneously provide efficiency and connectivity 

while also introducing structural centralization and systemic vulnerability.



Random Graph
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Summary

In social networks, airline systems, transportation infrastructures, 

cybersecurity, and epidemic spreading, understanding the role of 

hubs is therefore essential for designing effective governance, 

protection, and intervention strategies.

Models Assumption/ Mechanism Major Network Property Limitations

ER Random connection
Short path

Establish null models

Low clustering, homogeneous 

degree

WS Rewiring shortcuts
Small-world

High clustering & short path length
Cannot explain hubs

BA
Preferential attachment + 

growth

Scale-free hubs

Hubs, degree heterogeneity
Weak community realism



Random Graph
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Applications

Given a graph 𝐺 𝑛, 𝑚  and its average clustering coefficient and 

density are 𝑎𝑐𝑐  and 𝑑𝑒𝑛 , respectively. Please prove these two 

properties of this graph is significantly different from random graphs.

networkx

gnm_random_graph(n, m, seed=None, directed=False, *, create_using=None)

gnp_random_graph(n, p, seed=None, directed=False, *, create_using=None)

erdos_renyi_graph(n, p, seed=None, directed=False, *, create_using=None)

binomial_graph(n, p, seed=None, directed=False, *, create_using=None
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Why Exponential Random Graph Model (ERGM)

ER, WS, BA, or other models could generate random graph; 

however, we want to know whether a social mechanism affects/ 

raises/ declines the probability of linkage?

For example, same class, same department, same gender, same 

race, similar geographical distance, common friends, or same level.



Statistical Network Modeling
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Why Exponential Random Graph Model (ERGM)

Exponential Random Graph Models (ERGMs) are among the most 

important statistical models in social network analysis. 

Unlike traditional random graph models that assume independent 

edge formation, ERGMs aim to statistically explain why social ties 

are formed. 



Statistical Network Modeling
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Why Exponential Random Graph Model (ERGM)

The core value of ERGMs is that they allow researchers to: 

–estimate multiple network formation mechanisms simultaneously, 

– integrate social theory with network statistics, 

–and move from descriptive network analysis toward statistical 

inference.

–E.g., a high clustering graph comes from highly social actors, 

homophily, triadic closure, and hierarchy.



Statistical Network Modeling
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Why Exponential Random Graph Model (ERGM)

ERGMs can be used to describe networks based on their structural properties.

They also allow researchers to examine whether individual attributes (node 

characteristics) are associated with specific network structures.

Furthermore, ERGMs can evaluate whether behaviors remain associated with 

social ties after controlling for structural network effects.

For example, after accounting for gender similarity and reciprocity, researchers 

may investigate whether smoking behavior is more likely to occur among 

friends.
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[Review] Exponential Family

An exponential family distribution is a class of probability 

distributions that can be expressed in a unified exponential form 

using model parameters and sufficient statistics.

𝑃 𝑌 = 𝑦 =
1

𝜅 𝜃
𝑒𝑥𝑝 𝜃𝑇𝑔 𝑦

where 𝑔(𝑦) represents statistics extracted from the observed data, 

and 𝜃 represents the corresponding model parameters.
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[Review] Exponential Family

Many commonly used statistical models belong to the exponential 

family, including:

Normal Exponential Bernoulli Geometric

Gamma Chi-squared Binomial Poisson

Beta Dirichlet Negative binomial Zeta
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[Review] Exponential Family

Random Variables Probability Density Function

Normal
𝑓 𝑥 =

1

2𝜋𝜎2
exp −

𝑥 − 𝜇 2

2𝜎2

Exponential 𝑓 𝑥, 𝜆 = 𝜆𝑒−𝜆𝑥

Gamma
𝑓 𝑥, 𝛼, 𝜃 =

𝑥𝛼−1𝑒−𝑥/𝜃

𝜃𝛼Γ 𝛼

Poisson
𝑓 𝑘, 𝜆 = Pr 𝑋 = 𝑘 =

𝜆𝑘𝑒−𝜆

𝑘!
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[Review] Logistic Regression

Logistic regression is a supervised machine learning and statistical 

algorithm used primarily for binary classification tasks to predict the 

probability of an event occurring.

𝑧 = 𝑓(𝑥) = 𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ + 𝑤𝑛𝑥𝑛 + 𝑏

𝜎 𝑧 =
1

1 + 𝑒−𝑧
,

𝑝 =
𝑒𝑓 𝑥

1 + 𝑒𝑓 𝑥

1 − 𝑝 =
1

1 + 𝑒𝑓 𝑥

, 𝑤ℎ𝑒𝑟𝑒 𝑒𝑓 𝑥 =
𝑝

1 − 𝑝
= 𝑜𝑑𝑑𝑠
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[Review] Logistic Regression

Due to the exponential term, we take natural logarithm for both 

sides, and then we get:

𝑒𝑓 𝑥 =
𝑝

1 − 𝑝
= 𝑜𝑑𝑑𝑠

⇒ ln 𝑜𝑑𝑑𝑠 = ln
𝑝

1 − 𝑝
= 𝑓 𝑥 = 𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ + 𝑤𝑛𝑥𝑛 + 𝑏
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[Review] Logistic Regression

Logistic regression models the probability of an event occurring.

In social network analysis, the event of interest becomes whether a 

tie exists between two nodes.

ERGMs extend the logic of logistic regression by incorporating 

network structures and social mechanisms into the probability of tie 

formation.
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[Review] Logistic Regression

Logistic regression models the probability of an event occurring.

In social network analysis, the event of interest becomes whether a 

tie exists between two nodes.

ERGMs extend the logic of logistic regression by incorporating 

network structures and social mechanisms into the probability of tie 

formation.
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Exponential Random Graph Model (ERGM)

From logistic regression, we formulate ERGM as follows

𝑃𝜃 𝑋 = 𝑥 ∝ exp 𝜃𝑡𝑠 𝑥

𝑃𝜃 𝑋 = 𝑥 =
exp 𝜃𝑡𝑠 𝑥

𝑐 𝜃
, 𝑐 𝜃 = ෍

𝑎𝑙𝑙 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 
𝑔𝑟𝑎𝑝ℎ𝑠 𝑦

exp 𝜃𝑡𝑠 𝑦

where 𝑋 is a random network on n nodes (∈ {0,1}); 𝜃 is a vector of 

parameters; 𝑠 𝑥  is a known vector of graph statistics on 𝑥.
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Exponential Random Graph Model (ERGM)

Given a graph 𝑥 and a pair 𝑖, 𝑗  of nodes,

𝑥𝑖𝑗 = 0 𝑜𝑟 1, depending on whether an edge exists

𝑥𝑖𝑗
𝑐 , denotes the status of all pairs in 𝑥 other than 𝑖, 𝑗

𝑥𝑖𝑗
+, denotes the same graph as 𝑥 but with 𝑥𝑖𝑗 = 1 

𝑥𝑖𝑗
−, denotes the same graph as 𝑥 but with 𝑥𝑖𝑗 = 0

Conditional on 𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 , 𝑋 has only two status based on whether 

𝑥𝑖𝑗 = 0 𝑜𝑟 1 . Here, we calculate the ratio of the two respective 

probabilities.
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Exponential Random Graph Model (ERGM)

Compute odds and log-odds
𝑃(𝑋𝑖𝑗 = 1|𝑋𝑖𝑗

𝑐 = 𝑥𝑖𝑗
𝑐 )

𝑃(𝑋𝑖𝑗 = 0|𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 )
=

exp 𝜃𝑡𝑠(𝑥𝑖𝑗
+)

exp 𝜃𝑡𝑠(𝑥𝑖𝑗
−)

𝑃(𝑋𝑖𝑗 = 1|𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 )

𝑃(𝑋𝑖𝑗 = 0|𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 )
= exp 𝜃𝑡𝑠 𝑥𝑖𝑗

+ − 𝜃𝑡𝑠(𝑥𝑖𝑗
−) = exp 𝜃𝑡 𝑠 𝑥𝑖𝑗

+ − 𝑠 𝑥𝑖𝑗
−

log
𝑃(𝑋𝑖𝑗 = 1|𝑋𝑖𝑗

𝑐 = 𝑥𝑖𝑗
𝑐 )

𝑃(𝑋𝑖𝑗 = 0|𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 )
= 𝜃𝑡 𝑠 𝑥𝑖𝑗

+ − 𝑠 𝑥𝑖𝑗
−

Δ 𝑠 𝑥
𝑖𝑗

 denotes the vector of change statistics, Δ 𝑠 𝑥
𝑖𝑗

= 𝑠 𝑥𝑖𝑗
+ − 𝑠 𝑥𝑖𝑗

− , so Δ 𝑠 𝑥
𝑖𝑗

 is 

the conditional log-odds of edge 𝑖, 𝑗 .
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Exponential Random Graph Model (ERGM)

Basic statistics model

𝑃𝜃,𝒴 𝑌 = 𝑦 =
exp 𝜃𝑇𝑔 𝑦

𝜅(𝜃, 𝒴)
, 𝑦 ∈ 𝒴

𝑃 𝑌 = 𝑦 = exp ෍

𝑘=1

𝐾

𝜃𝑘𝑔𝑘 𝑦 /𝜅 𝜃

𝑙𝑜𝑔𝑖𝑡 𝑃 𝑦𝑖𝑗 = 1 𝑌𝑖𝑗 = 𝜃1𝛿1 𝑦𝑖𝑗 + 𝜃2𝛿2 𝑦𝑖𝑗 + ⋯ + 𝜃𝑛𝛿𝑛(𝑦𝑖𝑗)
𝛿 is the network structural changes, the change in covariate value 𝑔(𝑦) when the 

𝑖𝑗 tie changes from 1 to 0. 𝜃 is the impact of the covariate on the log-odds of a tie.
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Exponential Random Graph Model (ERGM)

Finally, we get this formula:

log
𝑃(𝑋𝑖𝑗 = 1|𝑋𝑖𝑗

𝑐 = 𝑥𝑖𝑗
𝑐 )

𝑃(𝑋𝑖𝑗 = 0|𝑋𝑖𝑗
𝑐 = 𝑥𝑖𝑗

𝑐 )
= 𝜃𝑡 𝑠 𝑥𝑖𝑗

+ − 𝑠 𝑥𝑖𝑗
−

⇒ 𝑝 =
1

1 + exp −𝜃
=

exp 𝜃

1 + exp(𝜃)
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Exponential Random Graph Model (ERGM)

Dyad Independent Terms Node attributes Group Heterogeneity

- Average activity

- Mixing by group

Individual Heterogeneity

Link attributes Heterogeneity

- Duration

- Types (e.g., sex, drug)

Dyad Dependent Terms Configurations Degree distributions (or stars)

Cycle distribution (2,3,4, etc.)

Shared partner distributions
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Exponential Random Graph Model (ERGM)

𝑃 𝑌 = 𝑦 = exp ෍

𝑘=1

𝐾

𝜽𝒌𝒈𝒌 𝒚 /𝜅 𝜃

For example:

Covariate: edges

Coefficient: each edge has the same probability vs

   each edge has different probabilities or

   some edges have different probabilities

Covariates: what terms in the model?

Coefficient: homogeneity constraints for coefficient on terms?
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Exponential Random Graph Model (ERGM)

Building a Null Model
# import library

library(ergm)

library(statnet)

# set working directory

setwd('C:\\Users\\ian92\\Desktop\\ERGm')

# load data

load('TCNetworks.Rdata')
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Exponential Random Graph Model (ERGM)

Building a Null Model
# summary

summary(TCdiss)

# build null model

DSmod0 <- ergm(TCdiss ~ edges, control=control.ergm(seed=419))
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Exponential Random Graph Model (ERGM)

Building a Null Model
# model summary

summary(DSmod0)

# transform the coefficient

1/(1+exp(-coef(DSmod0)))
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Exponential Random Graph Model (ERGM)

Adding Node Attributes
# node attributes

DSmodl1 <- ergm(TCdiss ~ edges +

        nodefactor('lead_agency')+

        nodecov('tob_yrs'),

        control=control.ergm(seed=419))

# model summary *plz see next slide

summary(DSmodl1)
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Exponential Random Graph Model (ERGM)

Adding Node Attributes
# model summary

summary(DSmodl1)
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

ERGM allows us to statistically test whether similarity between 

actors increases the probability of tie formation.

Large positive parameter estimate: homophily effects

# observe the agency homophily

mixingmatrix(TCdiss, 'agency_lvl')
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

# add dyadic homophily

DSmod2a <- ergm(TCdiss ~ edges +

       nodecov('tob_yrs')+

       nodematch('agency_lvl'), 

       control=control.ergm(seed=419))

# model summary

summary(DSmod2a)
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

# add dyadic homophily

DSmod2a <- ergm(TCdiss ~ edges +

       nodecov('tob_yrs')+

      nodematch('agency_lvl', diff=TRUE), 

       control=control.ergm(seed=419))

# model summary

summary(DSmod2b)
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

DSmod2bDSmod2a
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

# add dyadic homophily

DSmod2c <- ergm(TCdiss ~ edges +

       nodecov('tob_yrs')+

        nodemix('agency_lvl', base=1), 

       control=control.ergm(seed=419))

# model summary

summary(DSmod2c)
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Exponential Random Graph Model (ERGM)

Adding Dyadic Predictors

DSmod2c
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Exponential Random Graph Model (ERGM)

Adding Relational Predictors

# add Relational Predictors

DSmod3 <- ergm(TCdiss ~ edges +

       nodecov('tob_yrs')+

        nodemix('agency_lvl', diff=TRUE) +

     edgecov(TCdist, attr='distance') +

       edgecov(TCcnt, attr='contact'),

       control=control.ergm(seed=419))
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Exponential Random Graph Model (ERGM)

Adding Relational Predictors

# model summary

summary(DSmod3)
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Exponential Random Graph Model (ERGM)

Adding Local Structural Predictors (directed)

Density (𝜏15)

Reciprocity (𝜏11)

Two-in-stars (𝜏14)

Two-mixed-stars (𝜏13)

Two-out-stars (𝜏12)

Cyclic triads (𝜏10)

Transitive triads (𝜏9)
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Exponential Random Graph Model (ERGM)

Adding Local Structural Predictors (undirected)

Density or edge (𝜃)

Two stars (𝜎2)

Three-star (𝜎3)

Triangle (𝜏)
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Exponential Random Graph Model (ERGM)

Adding Local Structural Predictors (directed)

# add Relational Predictors

DSmod4 <- ergm(TCdiss ~ edges +

       nodecov('tob_yrs')+

        nodemix('agency_lvl', diff=TRUE) +

     edgecov(TCdist, attr='distance') +

       edgecov(TCcnt, attr='contact') +

     gwesp(0.7, fixed=TRUE),

       control=control.ergm(seed=419))
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Exponential Random Graph Model (ERGM)

Adding Local Structural Predictors (directed)

# model summary

summary(DSmod4)
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Exponential Random Graph Model (ERGM)
Name Unit of counting Description Num. of statistics

edges edges number of edges 1

nodefactor units of the attribute
number of times that nodes with a given level of a categorical nodal attribute 

appear within the edgeset
1 per level of attribute included

nodematch edges number of edges whose incident nodes match on value of nodal attribute
if diff=F, 1; if diff=T, 1 per level of 

attribute included

nodemix edges
number of edges whose incident nodes fall into each combination of values for a 

nodal attribute
1 per combo of attribute included

nodecov units of the attribute
the sum of a nodal attribute value for the incident nodes of an edge, summed 

across all edges
1

absdiff units of the attribute
the absolute difference in a nodal attribute between incident nodes for an edge, 

summed across all edges
1

mutual dyad number of mutual edges (a->b and b->a) 1

degree node number of nodes of degree x 1 per each value of x included

idegree node number of nodes of in-degree x 1 per each value of x included

odegree node number of nodes of out-degree x 1 per each value of x included

b1degree node number of mode 1 nodes of degree x 1 per each value of x included

b2degree node number of mode 2 nodes of degree x 1 per each value of x included

mindegree node number of nodes of at least degree x 1 per each value of x included

triangles triangles number of triangles 1 (more if attributes used)

gwesp complex geometrically weighted edgewise shared partners 1
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Exponential Random Graph Model (ERGM)

Model Performance

# GOF

DSmod.fit <- gof(DSmod4, GOF = ~ distance + espartners + 

    degree +  triadcensus, 

    control = control.gof.ergm(MCMC.burnin = 1e5,

    MCMC.interval = 1e5))
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Exponential Random Graph Model (ERGM)

Model Performance

# GOF

DSmod.fit
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Exponential Random Graph Model (ERGM)

Model Performance
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Exponential Random Graph Model (ERGM)

Model Performance
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Hâncean, M. G., Slavinec, M., & Perc, M. (2020). 

The impact of human mobility networks on the 

global spread of COVID-19. Journal of Complex 

Networks, 8(6), cnaa041.

Questions:

1. What is the objective of this paper?

2. How did the authors formulate their graph?

3. In QAP, what is the primary outcome?

4. In ERGM, what is the primary outcome?

5. If you want to leverage ERGM into your area, 

please give at least one example and explain 

how does ERGM apply in your work?
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The End
Thank you for your attention!

Email: chchan@ntnu.edu.tw

Website: toodou.github.io

Social Network Analysis
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