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Abstract
Vaccination is one of the most impactful healthcare interventions in terms of lives saved at a given cost, leading the anti-
vaccination movement to be identified as one of the top 10 threats to global health in 2019 by the World Health Organization. 
This issue increased in importance during the COVID-19 pandemic where, despite good overall adherence to vaccination, 
specific communities still showed high rates of refusal. Online social media has been identified as a breeding ground for 
anti-vaccination discussions. In this work, we study how vaccination discussions are conducted in the discussion forum of 
Mumsnet, a UK-based website aimed at parents. By representing vaccination discussions as networks of social interactions, 
we can apply techniques from network analysis to characterize these discussions, namely network comparison, a task aimed at 
quantifying similarities and differences between networks. Using network comparison based on graphlets—small connected 
network subgraphs—we show how the topological structure of vaccination discussions on Mumsnet differs over time, in 
particular before and after COVID-19. We also perform sentiment analysis on the content of the discussions and show how 
the sentiment toward vaccinations changes over time. Our results highlight an association between differences in network 
structure and changes to sentiment, demonstrating how network comparison can be used as a tool to guide and enhance the 
conclusions from sentiment analysis.
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1 Introduction

Online social networks, such as Facebook, Reddit, � (for-
merly Twitter), Instagram and LinkedIn, are pervasive in 
modern society. These platforms can generate immense 
amounts of data about the interactions of their users, which 
can be used to inform models of human behavior. However, 
the size of these networks means it is often infeasible to 
study them in their entirety. For example, it was reported 
that nearly twenty thousand tweets were sent per second on 
Twitter (now � ) during the Qatar 2022 World Cup (Musk 
2022). Certain subnetworks—communities within these 

large networks—may also exhibit local behavior that is dif-
ferent from the global behavior of the network. As such, it is 
important when developing models to be able to distinguish 
between patterns of individual user behavior and the aggre-
gate statistical properties of such behaviors.

In this work, we apply techniques from network science 
to study how people communicate online about vaccination. 
The World Health Organization named Vaccine hesitancy, 
i.e., the reluctance or refusal to vaccinate despite the avail-
ability of vaccines, as one of the 10 major threats to global 
health in 2019 (World Health Organisation 2019). Vaccina-
tion is a fundamental tool in the prevention of the spread of 
infectious diseases, and resistance to vaccination has led to 
outbreaks of controlled diseases like measles (Omer et al 
2009), putting in danger people who, due to medical condi-
tions, rely on high levels of herd immunity to avoid contract-
ing these infections. Since vaccine “nonconformers” (Brun-
son 2013)—parents who do not vaccinate their children or 
do so with a subset of the recommended vaccines—tend to 
be proximately located (Brunson 2013), the refusal of the 
MMR (measles, mumps and rubella) vaccination in certain 
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communities reaches values as high as 25% (Omer et al 
2009), whereas the measles vaccine coverage necessary to 
achieve the herd immunity threshold is around 95% (World 
Health Organisation 2020).

As might be expected for a health-related topic, vaccina-
tion gathers a great deal of traction in online discussions; it 
has historically been a controversial topic and remains a mat-
ter of considerable debate (Blume 2006). Brunson (2013) 
studied the influence of social and information networks on 
the vaccination decision and found that the influence of fam-
ily, friends and medical specialists outweighs that of infor-
mation sources such as the Internet or mass media. However, 
they also found that “nonconformers” seek these informa-
tion sources significantly more than their “conformer” coun-
terparts. A study by Davies et al (2002) showed that when 
searching for keywords “vaccination” and “immunisation,” 
almost half of the results in the most popular search engines 
are anti-vaccination. This creates a feedback loop for “non-
conformers,” who seek more information, and thus encoun-
ter further information that is anti-vaccination.

The issue of vaccine hesitancy took on a particular 
urgency when vaccines against SARS-CoV-2 became avail-
able in late 2020, since the COVID-19 pandemic posed not 
only a health threat but also a threat to social, economic 
and general well-being worldwide. These threats were par-
ticularly intense during mass vaccination campaigns in 
developed countries in early 2021 and are still ongoing, but 
greatly reduced by the success of these campaigns. Despite 
evidence of the efficacy of the vaccines developed against 
the virus (Pouwels et al 2021; Tregoning et al 2021; Singa-
nayagam et al 2022; Garcia-Beltran et al 2022), concerns 
were raised about the safety of a vaccine that has been so 
rapidly developed and tested (DeRoo et al 2020), particu-
larly in light of reports linking the Astra Zeneca vaccine to 
rare blood clots (Wise 2021). Although early studies dem-
onstrated that a high percentage of the population was plan-
ning to refuse a vaccine against SARS-CoV-2 (Peretti-Watel 
et al 2020), rollout was very successful, particularly in the 
UK, where it has been reported (at the time of writing this 
manuscript) that over 50 million second doses and over 40 
million boosters have been administered, corresponding to 
uptakes of 88% and 70%, respectively, among those eligible 
(GOV.UK 2022). However, research suggests there is still a 
high level of vaccine hesitancy within specific communities, 
such as minority ethnic groups (Robertson et al 2021) and 
those from deprived areas (Collaborative et al 2021). While 
barriers to the uptake of COVID-19 vaccines are still being 
studied (Denford et al 2022), it is apparent that the moti-
vations for hesitancy are often complex and ever changing 
(Razai et al 2021).

Social media is a rich source of information about reasons 
for vaccine hesitancy. The bulk of research in this area is 
focused on the most prominent and general-interest social 

media: Facebook (Hoffman et al 2019; Schmidt et al 2018), 
Twitter (Bello-Orgaz et al 2017; Radzikowski et al 2016; 
Love et al 2013; Addawood 2018) and Reddit (Jang et al 
2019). Online chat forums are a medium often overlooked 
by the research community studying vaccination discus-
sions, despite a study by Campbell et al (2017) showing 
that a significant proportion of participants used discussion 
forums to find out more about immunization. The same 
study found that parents who searched for information online 
were significantly more likely to encounter information that 
would make them question the decision to vaccinate their 
offspring, but this likelihood was higher among parents who 
used discussion forums than those who used Facebook or 
Twitter. Finally, Rier (2007) highlights the research poten-
tial of online support groups embedded in Internet discus-
sion forums, calling them “natural focus groups” that reflect 
“segments of public opinion.”

The focus of our analysis in this paper is Mumsnet (Rob-
erts 2022), a UK website “by parents for parents.” This web-
site is primarily a place where parents can seek advice on 
numerous topics, with articles written by other parents, and 
also offers a forum functionality that allows users to discuss 
these same topics. Although there are other websites more 
focused on health issues and therefore vaccination, Mumsnet 
generates more discussion content regarding vaccination and 
is more likely to contain a wide range of opinions (Skea et al 
2008). The forum content in Mumsnet is public; anyone can 
register to comment on any discussion (which appears under 
a “username”—an alias that can be used to preserve ano-
nymity) and an account is not required to read or search for 
past discussions. Prior to July 2019, it contained a subforum 
dedicated to discussing and asking advice about anything 
related to vaccination. This was subsequently closed and 
posts within this subforum were merged into the general 
health subforum. With the onset of COVID-19, a subforum 
dedicated to discussing the pandemic was created, in which 
a substantial body of discussion about COVID-19 vaccines 
can be found.

One of the most prevalent techniques for examining vac-
cinations discussions in social media is sentiment analysis, 
that is, identifying and labeling the opinions of social media 
users about vaccination and applying quantitative or quali-
tative methods in order to extract knowledge about those 
discussions. It is a technique often applied to Twitter data 
(see, for example, Salathé and Khandelwal 2011; Salathé 
et al 2013; Bello-Orgaz et al 2017; Blankenship et al 2018; 
Müller and Salathé 2019, 2020; Piedrahita-Valdés et al 2021; 
Scannell et al 2021). Sentiment analysis has also been pre-
viously applied to study vaccine sentiment in Mumsnet 
(Skeppstedt et al 2017).

The majority of the approaches using sentiment analy-
sis focus on hand-labeling a subset of data (e.g., tweets or 
posts) and building machine learning models to classify the 
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remainder of the data. This is the methodology of Skepp-
stedt et al (2017), and the author’s major conclusion is that 
automated classification in that context is a very hard task, 
in part due to their small training corpus. This highlights a 
major issue with the sentiment analysis approach to study-
ing vaccination discussions: Obtaining sentiment labeled 
data is extremely costly, as it is either time consuming or 
expensive when using platforms such as Amazon Mechani-
cal Turk (Buhrmester et al 2016). There is also a question 
concerning the reliability of automatic labeling methods for 
unseen data, especially when the context and arguments used 
in the discussion change over time as is the case for COVID-
19 vaccine discussions when compared with other vaccine 
discussions (Müller and Salathé 2020). Finally, using models 
trained on Twitter data to label non-Twitter data is not advis-
able. As Skeppstedt et al (2017) point out, Twitter messages 
are limited to 280 characters so the goal of the message is 
more easily parsed, in contrast to the more complex discus-
sions in Mumsnet posts that are harder to interpret.

Even with the recent sharp gain in popularity by Large 
Language Models (Brown et al 2020; Touvron et al 2023), 
sentiment labeling is still an arduous task as these models 
need to be fine-tuned to be able to perform the labeling task, 
which requires human supervision either by providing hand-
labeled examples or through reinforcement learning from 
human feedback. These models are also often not accessible 
through commodity hardware as the models contain billions 
of parameters.

Given the issues affecting analyses that rely solely on 
sentiment labeling, it is of interest to develop methodologies 
that can reduce the amount of labeling required, or provide 
additional forms of insight into online debates. One such 
methodology is to consider the interactions between users 
that are participating in the discussion, creating a network 
where two users are connected if they interacted with each 
other according to some criteria. This perspective on vac-
cination discussions opens up the opportunity to use the 
wealth of research created in the area of network science 
to extract knowledge from these discussions. It is even pos-
sible to combine the two methodologies. For example, Yuan 
et al (2019) combine community detection with sentiment 
analysis. Network analysis has been applied to study the 
structure of some online discussion forums (Romijn et al 
2015; Zhongbao and Changshui 2003), but Mumsnet has 
not been studied as a complex network before.

By representing vaccination discussions as a network 
of the actors contributing to the discussion, we propose 
studying the structure of the network as a tool to highlight 
potential changes in sentiment, leading to the two following 
research questions:

RQ1: What are the characteristic patterns of interactions 
(captured as complex network structure) between users in 
vaccination discussions in Mumsnet and how do these differ 

between discussions of vaccination in general and discus-
sions of vaccination within the context of COVID-19?

RQ2: Over time, are differences in the network structure 
associated with changes in the sentiment of vaccination dis-
cussions within Mumsnet?

To identify changes and differences in the structure of 
the network, we use techniques aimed at solving the net-
work comparison problem, which quantify differences and 
similarities between networks, particularly when their sizes 
differ, but the networks are hypothesized to be related. In 
particular, we employ NetEmd (Wegner et al 2018; Silva 
et al 2023), a network comparison measure that uses small 
patterns of connections (graphlets) as structural features of 
the network. Similarly to motifs (Milo et al 2002), graphlets 
can be seen as units of functional behavior encoded in the 
network, characterizing distinct patterns of behavior. In 
particular, when considering phenomena that spread—such 
as viruses, ideas and behaviors—the detailed structure of 
graphlets in the network in which spreading occurs has an 
important effect on the dynamics of the process (House et al 
2009; Ritchie et al 2014, 2016; Guilbeault et al 2018). As 
such, when we observe patterns in the graphlets relating to 
interactions in online discussions, this will hold information 
about the manner in which opinions are spread and adopted. 
By using NetEmd, we can identify changes in the patterns—
indicating differences in the network structure—and extract 
the graphlets responsible for these changes.

The major contributions of this work can be summarized 
as thus:

• We analyze sentiment toward vaccination in Mumsnet 
over time, with an emphasis on the period before and 
after the COVID-19 pandemic.

• We show how to use network comparison to track topo-
logical changes in network structure over time, finding 
significant differences in the structure of user interaction 
networks before and after the COVID-19 pandemic.

• By performing an observational study, we find an asso-
ciation between differences in network structure and 
changes in sentiment toward vaccination.

2  Background

2.1  Network terminology

Graphs are mathematical objects used to represent a complex 
network. A graph G = (V(G),E(G)) is composed of a set of 
nodes V(G) and a set of edges E(G) ⊆ V(G) × V(G) , where 
each edge is represented by a pair (u, v) ∈ E(G) for 
u, v ∈ V(G) . The graphs we consider in this work are undi-
rected, meaning that the order of the vertices in the pairs does 
not express direction, so (u, v) ∈ E(G) implies that 
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(v, u) ∈ E(G) . Graphs are assumed to be labeled, all nodes are 
assigned consecutive integer numbers starting from 0 and run-
ning to |V(G)| − 1 . The size of a graph is the number of verti-
ces in the graph, written as |V(G)| . A size-k graph is a graph 
with k vertices. The density of a graph is the portion of edges 
present in the graph over the total potential ones, calculated as 

|E(G)|∕
(
|V(G)|

2

)
 in undirected networks.

Graphs can be classified into different types according 
to constraints or additions to the set of nodes and edges. A 
graph is called simple if it does not contain multiple edges 
(two or more edges connecting the same pair of vertices) or 
self-loops (an edge of the form (u, u) that connects a vertex 
to itself). In this work, we consider only simple graphs. A 
graph is called connected if all nodes are reachable from each 
other. A node v ∈ V(G) is reachable from a node u ∈ V(G) 
if (u, v) ∈ E(G) or if there is a path between u and v, i.e., a 
sequence of edges of the form: (u, t1), (t1, t2),…(tn, v) . A 
bipartite graph is a graph whose vertices represent two disjoint 
groups of entities and there are no edges between members 
of the same group. Formally, G = (V(G1) ∪ V(G2),E(G)) , 
such that V(G1) ∩ V(G2) = ∅ and E(G) ⊆ V(G1) × V(G2) , 
with each edge represented by a pair (u, v) ∈ E(G) for 
u ∈ V(G1) ⇒ v ∈ V(G2) or u ∈ V(G2) ⇒ v ∈ V(G1) . A 
weighted graph is a graph whose edges represent additional 
information, a weight, about the relationship between vertices, 
beyond the existence of that relationship. The most common 
example of an edge weight is a numeral attribute represent-
ing, for instance, the frequency of the relationship. In the 
case of a numerical attribute, the set of edges is defined as 
E(G) ⊆ V(G) × V(G) ×ℝ and each edge is represented as a 
triple (u, v,w) ∈ E(G) for u, v ∈ V(G) and w ∈ ℝ.

The neighborhood of a vertex u ∈ V(G) is the 
set of nodes that u is connected to and defined as 
N(u) = {v ∶ (v, u) ∈ E(G) ∨ (u, v) ∈ E(G)} . The degree of 
a vertex is the number of edges it participates in, which is 
equivalent to the size of the node’s neighborhood, |N(u)| . A 
node is called isolated if it has no connections, i.e., its degree 
is 0. The weighted degree of a node is the sum of weights of 
all edges the node participates in.

A subgraph Gk  of  a graph G  is  a  size-
k  g r a p h  s u c h  t h a t  V(Gk) ⊆ V(G)  a n d 
E(G) ⊇ E(Gk) ⊆ V(Gk) × V(Gk) and is called induced if 
∀u, v ∈ V(Gk), (u, v) ∈ E(Gk) ↔ (u, v) ∈ E(G) . Two graphs 
G and H are isomorphic, written as G ∼ H , if there is a bijec-
tion between V(G) and V(H) such that two vertices are adjacent 

in G if and only if their correspondent vertices in H are adja-
cent. A match of a graph H in a larger graph G is a set of nodes 
that induce the respective subgraph H. In other words, it is a 
subgraph Gk of G that is isomorphic to H. The frequency of 
a subgraph Gk is then the number of different matches of Gk 
in G.

Orbits are unique positions of a graph, calculated by parti-
tioning the set of vertices into equivalence classes where two 
vertices belong to the same class if there is an automorphism 
that maps one into the other (Ribeiro et al 2021).

Graphlets are small, connected, non-isomorphic and 
induced subgraphs (Pržulj 2007). The smallest graphlet 
considered is a single edge, which can be seen as a size-2 
subgraph. An undirected edge has a single orbit (three in 
the directed case) and the frequency of a node in this orbit 
is equivalent to the degree of the node. Figure 1 shows the 
graphlets of size 2, 3 and 4 in undirected networks, alongside 
the respective orbits.

A graph where all nodes are connected to each other is 
called a clique. In other words, it is a graph with density of 1. 
In Fig. 1, corresponds to undirected graphs G2 and G8.

2.2  NetEmd

NetEmd (Wegner et al 2018) is a network comparison measure 
that relies on structural features of the network, mainly the 
distribution of orbit frequencies. The core idea is formalizing 
the intuition that the shape of the degree distribution is indica-
tive of the network’s generation mechanisms, for instance, a 
network with a power law degree distribution is generated by 
a process distinct from a network with a uniform degree dis-
tribution. As the graphlet degree vector is a generalization of 
the degree distribution for graphlets of size k ≥ 3 , the shapes 
of the distributions of each orbit also carry information about 
the topology of the network. Note that because the shape of a 
distribution is invariant under linear transformations such as 
translations, using the shape as the focus of the comparison 
is well suited to comparing networks of different sizes and 
densities. Wegner et al (2018) define a measure of similarity 
between distributions p and q, with nonzero and finite vari-
ances, using the earth mover’s distance (EMD) (Rubner et al 
1998):

where p̃ and q̃ are the distributions resulting of scaling p 
and q to variance 1. Any distance metric d can be used to 

EMD
∗(p, q) = infc∈ℝ(EMD(p̃(⋅ + c), q̃(⋅))),

Fig. 1  Undirected graphlets 
of size 2, 3 and 4. Nodes are 
numbered according to their 
orbit and nodes with the same 
number represent the same orbit
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generate d∗ ; EMD was chosen here since it has been shown 
to be an appropriate metric to compare shapes of distribu-
tion in domains such as information retrieval and it produced 
better results than other distance metrics, like Kolmogorov 
( �∞ ) or Manhattan ( �1 ) distances.

Given two networks G and H and a set of m orbits 
O = {o1, o2,… , om} , the NetEmd measure is defined as:

where poi(G) and poi(H) are the distributions of orbit i in 
graphs G and H, respectively. Note that O may be replaced 
by any set of network features; in this work, we focus on 
orbits only.

Silva et al (2023) propose an extension of NetEmd by not-
ing that different orbits do not represent independent degrees 
of freedom and are expected to be constrained by the require-
ment of combinatorial consistency of the underlying full 
graph. These combinatorial constraints lead to added noise 
during the EMD calculation; thus, the authors propose using 
linear techniques of principal component analysis (PCA) and 
independent component analysis (ICA) as a noise reduction 
mechanism. The idea is to project the orbit frequencies to 
a lower dimension, training the dimension reduction model 
to lose minimal information while removing noise, project 
the reduced features to the original dimension and apply the 
NetEmd equation to the reconstructed frequencies.

2.3  Mumsnet

The Mumsnet forum has been the subject of a number of 
vaccination studies (Skeppstedt et al 2017, 2018; Ford and 
Alwan 2018) with the MMR (measles, mumps and rubella) 
vaccine being a particular focus (Skea et al 2008; Weller 
et al 2016).

Skeppstedt et al (2017, 2018) explored 5 threads about 
general vaccination of children, manually labeling a dataset 
of 1190 posts as for, against or undecided about vaccination. 
The authors then built a machine learning model to measure 
the performance of an automatic classifier on this labeled 
dataset. The machine learning model chosen was a linear 
support vector machine (Cortes and Vapnik 1995) and the 
training data was obtained by preprocessing each post into 
a list of tokens and n-grams, i.e., sequences of n consecutive 
words from each post (the chosen values for n were 2, 3 and 
4). The authors found among the manually annotated posts 
an even distribution of sentiment, with 38% for and 41% 
against. The machine learning experiment yielded a model 
capable of identifying the sentiment of this corpus with an F1

-score of 0.44, which lead the authors to conclude that their 
small training corpus makes classification a very hard task.

(1)NetEmdO(G,H) =
1

m

m∑

i=1

EMD
∗(poi (G), poi (H)),

Ford and Alwan (2018) used Mumsnet as a platform for a 
cross-sectional study of influenza and pertussis vaccination 
uptake during pregnancy. The study’s objective was to learn 
whether information obtained from online social networks 
(Facebook, Twitter, etc.) influenced the decision to have 
these two particular vaccinations. They found that women 
who used social networks to obtain information were less 
likely to receive the pertussis vaccination, but this was not 
the case for the influenza vaccination.

Skea et al (2008) examined two threads about the MMR 
vaccine from the perspective of parental perception of herd 
immunity and the duality between parents not wanting to 
harm their child versus wishing to avoid harm to others. The 
authors suggested that vaccine promotional material should 
“include explanations of herd immunity” as it may influence 
parents’ decisions. Weller et al (2016) analyzed posts and 
threads related to MMR, finding that by 2010 the majority 
of the forum was in favor of MMR rather than against it.

3  Methods

3.1  Data collection

The Mumsnet forum is organized in categories, which are 
further divided into more specialized topics, called subfo-
rums, within those categories. Users create threads on these 
subforums by typing a thread title and some text, called the 
original post. Other users can reply to the original post by 
typing in a text box; these replies, called posts, are displayed 
in chronological order of submission. One of the categories 
of the forum is health, and within it, there was a subforum 
about vaccination, which was closed down in July 2019, and 
another subforum about the COVID-19 pandemic, created 
in February 2020. We collect two datasets from Mumsnet, 
one from each of these subforums.

Prior to the closure of the vaccination subforum, we 
deployed a web scraper to acquire all threads and posts 
publicly available in the subforum, spanning back 10 years. 
Following the closure of the forum, we set the start date for 
our data collection to 1 July 2009, with the last post on this 
forum dating 28 June 2019. In this time period, there were 
1128 threads created, with a total of 31,757 posts, written 
by 5715 users. As a shorthand, this dataset will be referred 
to as the vaccine or vaccination dataset.

The COVID-19 subforum contains threads about any 
topic related to the pandemic, so we filtered these accord-
ing to their title. We included all titles that contained key-
words related to vaccination and immunization (essentially 
a regular expression matching vaccin*, immun* or *vax*), 
as well as COVID-19 vaccine-specific terms, for instance, 
booster or the names of the vaccine manufacturers. There 
were only 20 threads before 1 November 2020, compared 
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to 81 in November 2020 alone, so we set this as the start 
date for data analysis. We finalized the data collection on 2 
January 2022 and the final dataset only includes posts dated 
before 2022. In this time period between 1 November 2020 
and 31 December 2021, there were 4322 threads created, 
with a total of 223,625 posts, written by 25,989 users. Again 
as a shorthand, we refer to this dataset as the COVID-19 
dataset, and every time we refer to the COVID-19 forum, we 
mean vaccination discussions in particular within this forum.

3.2  Data segmentation by time

In order to study how discussions vary over time in Mum-
snet, we segment the datasets into new and smaller datasets 
that span shorter periods. One way to accomplish this goal 
is to create disjoint time intervals so that there is no overlap 
between the smaller datasets. To do this, we would need a 
rule for allocation of posts to time periods. Consider the 
follow situation: A thread is created on 31 January; half the 
posts within that thread are submitted on that day and the 
other half are posted throughout February; and time periods 
are delineated by the first day of each month. One way to 
assign data to each time frame is by the date of the thread, 

but this means that the February dataset does not encom-
pass the discussion that took place in that thread throughout 
February. Alternatively, half the posts within that thread are 
assigned to the January dataset and the other half to Febru-
ary. In this case, we are separating discussion that took place 
within a similar context by imposing an arbitrary boundary; 
it could be argued that a post from 31 January is more simi-
lar to a post from 1 February than to a post from 1 January.

To solve this, we create a rolling window of data, akin 
to a moving average. We assign posts to data slices accord-
ing to their post date and ensure that related posts on the 
edge of the time split are assigned to the same data slice at 
least once. This method of temporally separating the data 
is controlled by two parameters, the time span, i.e., how 
much time each window covers, and the time jump, i.e., the 
amount of time between consecutive windows. The time 
overlap between consecutive windows, i.e., the amount of 
time in common between consecutive windows, is calculated 
by subtracting the time jump from the time span.

Fig. 2  Empirical distributions of user and thread active times. User 
active times: distribution of how long each user remains active in 
each forum, obtained by taking the time difference between the date 

of their first and last posts. Thread active times: distribution of how 
long each thread remains active in each forum, obtained by taking the 
time difference between the date of their first and last posts
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3.3  Network creation

The way discussion is carried out in a forum is different 
from other social media platforms like Facebook, Twitter or 
Reddit, in the sense that users’ interactions with threads and 
messages appear sequentially ordered by time, regardless of 
relevance to the discussion or tagging features used. This 
structure lends itself to the creation of a bipartite network, 
as two disjoint sets of entities naturally emerge: threads and 
users, with a user u connected to a thread t if u wrote a post 
in t. A common technique for analyzing bipartite networks 
is to create a projection of one of the partitions, for example 
when one of the modes in the data holds particular inter-
est over the other (Borgatti and Everett 1997). The most 
common way to achieve this projection is assuming that if 
two nodes in one partition are connected to the same node 
in the other partition, then they should be connected in the 
projection. In our case, since we are interested in studying 
patterns of connections between users, we create a user pro-
jection network, where users are connected if they posted in 
the same thread. Formally, if we let X = [xit] be the bipar-
tite adjacency matrix, with row labels corresponding to 
users and column labels corresponding to threads, then the 
user projection network adjacency matrix elements can be 
obtained as outlined by Borgatti and Everett (1997) as

where T  is the set of threads in the bipartite network and 
xit represents the number of posts of user i in thread t. In 
matrix notation, this can be simplified as A = [aij] = XX

T . 
This transformation produces a weighted undirected net-
work, but it is not representative of the reality in forums, as 
it works under the assumption that all users in a thread read 
each other’s posts. Inspired by Newman (2001), we weight 
Eq. 2 to take into account the number of users and number 
of posts in a thread, similar to collaboration networks where 
a connection between two researchers is weaker when they 
publish a paper with a lot of co-authors and stronger when 
they publish a paper together or with a small number of other 
co-authors. The strength of the connection is also propor-
tional to the quantity of papers where the researchers are 
co-authors, with more papers indicating a stronger connec-
tion. In our case, two users have a weak connection if they 
both post in a thread with many posts and a strong one when 
they participate in multiple threads together. The formula 
to calculate the projection network adjacency matrix then 
becomes the following:

(2)aij =
∑

t∈T

xitxjt,

(3)aij =
∑

t∈T

xitxjt

(�t − 1)�t

,

where �t is the number of users in thread t and �t is the 
number of posts in thread t. We define a minimum weight 
for connections between users, below which we assume that 
the users had insignificant influence over each other. This 
threshold was chosen as the maximum value that keeps the 
network connected, i.e., with no isolated nodes.

3.4  Network comparison

The networks we create from Mumsnet data are a means of 
representing user posting behavior and how users interact 
with each other within Mumsnet. A change in network struc-
ture therefore indicates a change in user behavior, which in 
turn may reflect changes in how people are discussing or 
organizing around a topic.

To identify differences in the structure of Mumsnet net-
works, we use NetEmd (Wegner et al 2018) to compare each 
pair of networks. As these networks share the same genera-
tion mechanism, we expect NetEmd to output a high degree 
of similarity between them; deviations from this similarity 
indicate that there is a difference in structure. Upon calculat-
ing the comparison, we can detect differences in structure by 
looking at the distance between networks from consecutive 
data slices. If this distance is larger than the median distance 
between any pair of networks, then we consider that there 
is a significant difference in the structure of the network. 
Due to overlapping time frames, differences in the network 
structure may also take two or three time steps to become 
apparent.

As graphlets can be seen as small units within a network 
whose patterns of connections encode real-world function-
ality, we can interpret the network comparison results by 
determining which orbits are responsible for the largest dif-
ference and inspecting these.

3.5  Sentiment analysis

Returning to the work of Skeppstedt et al (2017) and their 
approach to automatically labeling Mumsnet posts according 
to their stance on vaccination, we note that the authors high-
light the difficulty of this task, particularly in comparison 
with finding stance in tweets, as posts are usually longer than 
tweets, given that they are not restricted to 280 characters, 
and therefore contain longer and more elaborate discussions. 
The approach taken by the authors yielded a machine learn-
ing model that struggles to learn how to classify such an 
elaborate corpus, achieving an F1 score of 0.44.

Starting from Skeppstedt et al (2017)’s approach, we 
attempted to improve the classification performance of a 
machine learning algorithm in the same labeled dataset, with 
the intent of ultimately applying it to the larger corpus we 
consider in our work. We found that using a random forest 
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(Breiman 2001) improved the classification performance 
slightly (up to a F1 score of 0.52). We now briefly describe 
alternative approaches that yielded comparable or worse per-
formance than adapting the code of Skeppstedt et al (2017) 
to work with random forests.

We used the sentiment analyzer of VADER (Valance 
Aware Dictionary and Sentiment Reasoner)   (Hutto and 
Gilbert 2014), a gold-standard sentiment lexicon combined 
with rules to determine sentiment intensity. Using VADER, 

we attempted to classify each post according to its sentiment 
in three variations: First we analyzed the sentiment of the 
whole post, then we split each post in sentences and calcu-
lated the average sentiment in each sentence, and finally, 
we split each post in sentences and calculated the average 
sentiment in sentences containing words related to vaccina-
tion (a regular expression matching jab, vacc*, immunis*, 
immuniz or vax). We found that splitting the text in sen-
tences did not help in sentiment classification (0.27 and 0.25 

Fig. 3  Heat map of network dis-
tances between each pair of net-
works in the Mumsnet vaccine 
dataset. Distances are calculated 
using PCA_NetEmd (Silva et al 
2023) with size 4 graphlets and 
90% explained variance

Fig. 4  Heat map of network 
distances between each pair 
of networks in the Mumsnet 
COVID-19 dataset. Dis-
tances are calculated using 
PCA_NetEmd (Silva et al 2023) 
with size 4 graphlets and 90% 
explained variance
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F1 score, respectively, for not filtering and filtering sentences 
with vaccination keywords) and classifying the whole post 
yielded an F1 score of 0.40.

Following these experiments, we attempted to repro-
duce the naïve Bayes classifier of Salathé and Khandelwal 
(2011), using the implementation available in the python 
package NLTK (Bird et al 2009). We used the python pack-
age gensim  (Řehůřek and Sojka 2010) for preprocessing 
steps (removing stopwords and punctuation, lower casing, 
tokenizing). We performed tenfold cross-validation on an 
ensemble classifier with the same architecture as the one 
proposed by (Salathé and Khandelwal 2011): naïve Bayes 
classifier to separate positive and negative classes, maximum 
entropy classifier to separate neutral posts, with the maxi-
mum entropy classifier taking precedence over the naïve 
Bayes classifier. We report an average F1 score of 0.53 over 
the 10 folds.

Finally, we used an out-of-the-shelf FastText model 
(Joulin et al 2017) fine-tuned on the Crowdbreaks platform 
(Müller and Salathé 2019) for vaccine sentiment analysis. 
We adapted the preprocessing steps on (Müller and Salathé 
2019) to our dataset and used the pre-trained model to clas-
sify our corpus, achieving an F1 score of 0.48.

3.6  Sentiment labeling

The poor performance of automatic labeling of sentiment 
in the training dataset of Mumsnet posts disqualifies this 
methodology from being applied to the larger corpus of 
posts, as the labeling would be unreliable. Another reason 
to avoid using a machine learning model trained on Skeppst-
edt et al.’s data is a concept drift (Widmer and Kubat 1996). 
This captures the idea that models trained on one snapshot 
of time may struggle to generalize for data outside of that 
time period, particularly in language-based models trained 
on Internet data, where context changes over time. Müller 
and Salathé (2019) showed the existence of concept drift in 
vaccination discussions by analyzing a Twitter dataset in the 
second half of 2018 and at the beginning of the COVID-19 
pandemic (Müller and Salathé 2020). The issue of concept 
drift is particularly relevant when comparing vaccination 
discussions before and after the COVID-19 pandemic. 
Changes in the vocabulary, arguments, context and the gen-
eral discourse in these discussions lead to an increasing like-
lihood that a model trained on pre-pandemic data will not be 
able to accurately label a post-pandemic corpus.

The issues we identified with automatic labeling of Mum-
snet posts led to the decision to manually label the two data-
sets we acquired from Mumsnet, to create a ground truth 
against which we can compare the methodology we develop. 

We label threads according to the title and the original post. 
We classified threads using three labels: positive, neutral 
or negative. We do not consider negative sentiment to be 
equivalent to an anti-vaccination position, as it is possible to 
express negativity toward a vaccine or a vaccination sched-
ule while simultaneously adhering to the policy that recom-
mends taking it. An example of this is starting a discussion 
about suffering from side effects of a vaccine, without asking 
for help on how to overcome them, expressing regret over 
taking a vaccine or doubting the efficacy of a particular vac-
cine. The following is a non-exhaustive list of common argu-
ments we marked as negative toward vaccination:

• claiming to have refused to be vaccinated and to not plan 
on being in future;

• wishing to vaccinate on a different schedule, delaying 
recommended or mandatory vaccines;

• showing lack of trust in or avoiding altogether vaccine 
“cocktails” (a disparaging term for combined vaccines, 
most commonly MMR);

• blaming vaccines for illness or expressing regret about 
taking the vaccine;

• questioning the efficacy of the vaccine or the safety of 
ingredients within the vaccine (excluding allergic reac-
tions);

• supporting known opponents of vaccination (e.g., 
Andrew Wakefield) or anti-vaccination documentaries 
(e.g., “The Greater Good”).

The neutral label captures two types of posts: those ask-
ing for information without expressing a judgment of value 
toward the vaccine itself; or those with conflicting positive 
and negative views about vaccination (for example, plan-
ning to vaccinate on schedule but mentioning being afraid 
or anxious). Finally, we marked threads as positive if they 
contained arguments that were supportive of vaccination, 
for example detailing its benefits, encouraging calls for more 
vaccines, explaining consequences of the disease that can 
be prevented through vaccination or mentioning someone 
going out of their way to get a vaccine, for example privately.

The manual labeling process was completed by two anno-
tators (MEPS and RS), who split the annotation load equally, 
with each annotating half the threads of each dataset. The 
threads were assigned uniformly at random to each annota-
tor. Prior to annotating, the two annotators labeled 1% of the 
COVID-19 dataset together (40 threads, chosen uniformly 
at random), showing high reliability with a Cohen’s kappa 
score of 0.84 (90% agreement). The annotators also dis-
cussed the results to settle discrepancies and agree on the 
mutual strategy for the remainder of the data.
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In order to study the distribution of sentiment within 
threads of the COVID-19 dataset, we sampled 129 threads 
(about 3.0% of the number of threads) which contained 6898 
posts (about 3.1% of the number of posts), chosen uniformly 
at random such that they represent at least 1% of the threads 
and posts in each data slice. The sentiment in all these 6898 
posts was labeled by a single annotator (MEPS) using the 
same criteria used to label the threads.

3.7  Discordance index

Under the hypothesis that the proportion of posts of each 
sentiment within a thread alone is not sufficient to capture 
the extent of debate and disagreement, we propose an alter-
native metric to measure the level of disagreement, which 
we call the discordance index. This metric measures disa-
greement at a local level by capturing how often sentiment 
changes in small groups of consecutive posts and using the 
number of sentiment changes as a proxy for the level of dis-
cordance, weighting changes from positive to negative (or 
vice versa) higher than changes involving neutral sentiment.

An example that motivates this metric is the following: 
consider a thread with N posts, where the first N/2 posts 
are of negative sentiment and the last N/2 are positive. By 
considering only the proportion of positive to negative posts, 
this thread would appear to contain a large amount of disa-
greement between users as half the posts express a diametri-
cally opposed view to the other. However, by inspecting how 
the sentiment is distributed over the thread, we actually find 
that most users are agreeing with each other, with the excep-
tion of the shifting point from negative to positive. On the 
other hand, if a thread with N posts has N/2 negative posts 
interleaved with N/2 positive posts, then it is much more 
likely that users are constantly disagreeing with each other 
throughout the thread. In both cases, the proportion of nega-
tive to positive posts is the same, but the way discussion is 
being carried out is very different.

Our proposed metric discordance index attempts to cap-
ture this distinction of local variety of sentiment within a 
thread. The way it works is by considering a moving win-
dow of D posts, such that in a thread with N posts there 
are N − D + 1 windows of D posts. For each window, we 
compare every unique pair of posts within that window 
( D(D − 1)∕2 comparisons). If one post is positive and the 
other is negative, we assign a distance of 2; if a post is neu-
tral and the other is positive or negative, we assign a distance 
of 1; and finally, if the posts are of the same sentiment, we 
assign a distance of 0. The discordance within a window is 
the sum of distances between each pair of posts; the discord-
ance of a thread is the sum of discordances of all windows, 

divided by the maximum discordance for that window size. 
The discordance index of a thread is the average discordance 
across multiple window lengths, which we vary between 2 
and 5.

Fig. 5  Proportion of threads of each sentiment label, posts in threads 
of each sentiment label and users in threads of all combinations of 
sentiment label, for each data slice in the vaccination dataset
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4  Results

4.1  Data granularity

We start by identifying the appropriate window overlaps 
to split each dataset over time. Although answering the 
research questions we posed in the introduction should 
not depend on these parameters, they are responsible for 
controlling how much change and variability are in each 
data slice. For instance, picking too long a window span 
may lead to a uniform sentiment throughout the whole 
dataset, whereas too small a window span could lead to so 
much variability between consecutive time windows that 
any difference becomes meaningless.

The first result we use to inform the decision is looking 
at how long each user spends on the forum and how long 
each thread remains active (Fig. 2). These figures show 
that users behave differently in the two subforums. In the 
vaccine dataset, we find that 52% of users post only once 
and close to 10% of threads get no replies. This contrasts 
with the COVID-19 dataset, where 37% of users have only 
one post and 4% of threads did not get any replies.

The results show that user active times—the period 
between a user’s first and last post—are shorter in the vac-
cine forum than the COVID-19 forum: 80% of users in the 
vaccine forum are active for less than a week; in the COVID-
19 forum, if we exclude users with a single post, only 20% 
of users are active for less than a week, and 42% of users 
are active for longer than this. This may be because the pan-
demic was an extremely disruptive event simultaneously 
affecting people worldwide, whereas the issues brought up 
in the vaccine subforum are more likely to be short-lived or 
affect individuals. Despite this, results highlight that there 
is a core group of users in the vaccine forum with long-
term engagement: 8% of users were active on this forum 
for longer than a year and close to 3% were active for more 
than 3 years.

Inspecting the thread active times in the COVID-19 
forum highlights how fast information changes during 
a global pandemic, particularly in the modern age where 
information is easily disseminated and accessible. Results 
show that 42% of threads last less than 12 h (46% if taking 
into account posts without replies); close to 28% of threads 
last less than a week but longer than a day and only 11% 
of threads last longer than a week. This is likely because 
as new information about the vaccines was being released, 
older discussions quickly lost their relevance. This contrasts 
with how discussions were being held in the vaccine forum, 
with only 62% of threads lasting less than a week and 1.1% 
of discussions lasting longer than 3 years, compared with 
only 1.3% of COVID-19 discussions lasting longer than 3 
months.

These two sets of figures lead us to conclude that we 
should favor a longer time span for each data slice from the 
vaccine dataset, because many users post for a short amount 
of time, but their influence can be long lasting due to a sub-
stantial number of discussions lasting multiple months. On 
the other hand, the time span of data slices from the COVID-
19 dataset should be smaller, as threads tend to last a short 
time and users show signs of repeated engagement with the 
forum.

Based on these observations, we narrow down the candi-
dates for window span and window jump and decide to use a 
combination thereof by inspecting how the number of posts, 
users and threads varies over time (several combinations are 
visualized in Figs. 11 and 12, for the vaccine and COVID-
19 dataset, respectively). For the vaccine dataset, we set the 
time windows to have a 4 month span with 2 month time 
jump, leading to a 2 month overlap between consecutive 
data slices. For the COVID-19 dataset, we pick a 1 month 
span with a 2 week time jump, leading to a 2 week overlap 
between consecutive data slices.

4.2  Temporal network comparison

Upon splitting the datasets and creating a network using the 
process described in Sect. 3.3 for each time window, we 
obtain two datasets of networks. The networks in each data-
set correspond to users connected through their interactions 
in a medium that does not change and has been created using 
the same the methodology, making it reasonable to assume 
that the networks have a similar structure. If the networks 
are dissimilar according to the NetEmd network comparison 
method, this indicates that the way that users are interacting 
within the forum is also different.

In both datasets, we observe that the number of nodes 
and the average degree vary significantly over time. In the 
vaccine dataset, the number of nodes varies between 101 
and 469 and the average degree between 4.6 and 19.7. In the 
COVID-19 dataset, the number of nodes fluctuates between 
1873 and 5743 and the average degree between 25.7 and 
84.8. Experiments by Silva et al (2023) indicate that the 
best performance on real-world datasets of undirected net-
works with this disparity in the number of nodes and average 
degree is achieved by using size 4 graphlets. As indicated by 
their experimental setup, we use NetEmd with PCA and 90% 
explained variance, although we find that, in practice, > 90% 
of the structure differences signaled by this parametrization 
overlap with the ones found by the original NetEmd.

The symmetric distance matrix returned by NetEmd con-
taining the distances between each pair of networks can be 
visualized with a heat map. This visualization technique 
helps to highlight clusters of networks that are similar and 
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quickly identify networks that differ substantially from their 
predecessors and successors. The heat map for the vaccine 
dataset is shown in Fig. 3 and for the COVID-19 dataset in 
Fig. 4. On the axis of each heat map, we include the start 
date of the time window each network is built from. For 
example, in the vaccine dataset, the first network, labeled 
as “07-2009,” has data spanning from 1 July 2009 to 31 
October 2009; in the COVID-19 dataset, the first network, 
labeled as “11-2020,” has data from 1 November 2020 to 
30 November 2020, the second network (not labeled) from 
15 November 2020 to 15 December 2020, the third (labeled 
“12-2020”) from 1 December 2020 to 31 December 2020 
and so on.

4.2.1  Vaccination forum

Inspection of Fig. 3 reveals two broad groups of networks—
before and after May 2015. Prior to this date, the heat map 
shows two networks that are substantially different to 
neighboring time slices, one in March 2012 and the other 
in September 2014, but the remaining networks before May 
2015 possess a high degree of similarity, as indicated by the 
darker hue. After May 2015, the network structure changes 
more frequently, as shown by the lighter hue coloring the 
distances between these networks. Although they are none-
theless more similar to each than to networks before May 
2015, the distances among elements of this post May 2015 
cluster are, on average, higher than between the networks 
that compose the pre-May 2015 cluster. It is also of note that 
the transition between these clusters is gradual, starting with 
the network from May 2014.

Some of these differences in network structure occur con-
temporaneously with controversies surrounding vaccines. By 
inspecting post content in the data slice where we detect net-
work differences, we found evidence that these news stories 
and controversies penetrate discussions in the forum. For 
instance, the differences observed in the network starting in 
May 2014 coincide with the publication of a study (Hooker 
2014), where the connection between the MMR vaccine 
and autism is investigated. Another example is the network 
starting in May 2015, during which a child whose parents 
opposed vaccination died of diphtheria in Spain (Mouzo and 
El País 2015). There is also evidence changes in structure 
coincide with controversial topics introduced by users. For 
example, the difference between the networks of March 2012 
and May 2012 could be related to a discussion regarding the 
safety of aluminum in vaccines.

To quantify the changes, we observe in the heatmap, we 
compare the distance value between networks of consecutive 
time windows with the median of the values in the upper 
triangle of the distance matrix. We also compare this median 
against the distance value between networks from time 
windows that are 2 jumps apart, pairs of networks with no 

overlapping data but spanning a continuous time frame. Our 
measure for significance of difference between consecutive 
networks is whether their distance is greater than the median 
of distances between all pairs of networks. Prior to May 
2015, we only find significant differences in the time win-
dows we discussed previously: March 2012 to May 2012 and 

Fig. 6  Proportion of threads of each sentiment label, posts in threads 
of each sentiment label and users in threads of all combinations of 
sentiment label, for each data slice in the COVID-19 dataset
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May 2014 to September 2014. After May 2015, we detect 8 
significant differences between networks from consecutive 
time slices and 11 when comparing with 2 jumps apart.

The NetEmd measure between two networks is calculated 
using the average distance for each orbit, allowing us to pin-
point which graphlets are driving changes in the network 
structure by inspecting the distances between distributions 
of each orbit. The heat maps of network distances for each 
individual orbit are shown in the Appendix, Fig. 13. We 
focus on two time periods as an example:

• The difference between the networks starting in March 
and May 2012 is primarily connected with the distri-
butions of orbits 1, 6 and 9 (refer to Fig. 1). The com-
mon element between these 3 orbits is that within their 
graphlet, they are connected to a node with no other con-
nections.

• The distinction between the clusters before and after May 
2015 is largely connected with differences in orbits 0 (the 
degree distribution), 3 and 14, which are all orbits part of 
cliques.

4.2.2  COVID‑19 forum

Comparing networks from the COVID-19 dataset yields an 
altogether different pattern of structures, as shown in Fig. 4. 
The heat map of distances is dominated by darker hues, 
meaning that the majority of the networks are very similar. 
The exception to this is the first network, which spans the 
month of November 2020 and is the only network in this 
dataset that precedes the announcement of the first COVID-
19 vaccine being approved (GOV.UK 2020). Recall that the 
first vaccine to be approved in the UK was the Pfizer vaccine 
on 2 December 2020, so the second network in this dataset, 
starting on 15 November 2020, already includes this period. 
This second network also shows a high degree of dissimi-
larity when compared with the remaining networks in this 
dataset, but not to the same extent as the first one.

Two other periods of time stand out when analyzing 
the heat map: the networks starting on 1 June 2021 and 1 
October 2021. The former coincides with the Delta vari-
ant becoming the dominant strain of COVID-19 in the 
UK (Torjesen 2021), which was thought to be more resistant 
to COVID-19 vaccines than previous variants, in particular 
when only a single dose had been administered, at a time 
when approximately 50% of the population had received the 
second dose. The network with a start date in October 2021 
coincides with the beginning of the booster roll out in the 
UK (Iacobucci 2021), which seems to be the leading topic 
of discussion during this time as “booster” was the sixth 
most common word among all posts in October 2021 (when 
removing stop words, after “COVID,” “vaccine,” “people,” 
“think” and “vaccinated”).

Applying the same analysis as before—comparing the 
distance between networks from consecutive and 2 jump 
apart time windows against the median distance between 
all pairs of networks—reveals new points in time where 
there is a significant difference in network structure. In 
addition to the previous three time windows, we also find 
networks with a start date of 15 March 2021 and 1 April 
2021 to be significantly different from their neighbor-
ing time periods. These two networks coincide with the 
blood clot controversy surrounding the Astra Zeneca vac-
cine (European Medical Agency 2021). Finally, we also 
find a significant difference between the network starting 
on 1 November 2021 and the network starting on 1 Decem-
ber 2021. This difference coincides with the emergence 
of the omicron variant (Elliott et al 2022) and the gov-
ernment’s push for more boosters to increase protection 
against the new variant.

When inspecting the differences between the distributions 
of each orbit, visualized in Fig. 14, we find that the net-
work of 1 November 2020 is significantly different from the 
other networks in every orbit except 8, where this network 
is similar to the following two networks (15 November and 
1 December 2020). Similarly, the difference between the 
networks of 15 May and 1 June 2021 is significant for all 
orbits. On the other hand, we find that the difference in the 
network starting on 1 October 2021 is driven primarily by 
changes in the distributions of cliques, through orbits 3 and 
14, but we also smaller changes in orbits 0, 10 and 13.

We conclude this section with a final remark about the 
differences between the vaccine and COVID-19 datasets, a 
comparison that we show in Fig. 15. We find that there is a 
clear distinction between the two sets of networks in the way 
they are organized, which indicates distinct user behaviors in 
each forum. This distinction is more tenuous when we con-
sider the first network from the COVID-19 dataset, which 
is more dissimilar to the other networks in the COVID-19 
dataset than to the networks in the vaccine dataset. This first 
network has an average distance to other COVID-19 net-
works of 0.18 and to vaccine networks of 0.21; the other 
COVID-19 networks have an average distance of 0.06 to 
COVID-19 networks and 0.20 to vaccine networks.

By analyzing the differences between the vaccine and 
COVID-19 datasets for each individual orbit (Fig. 16), we 
find that in 6 of the 14 orbits the COVID-19 dataset is more 
similar to the cluster of similar networks in the vaccine data-
set before May 2015 than this cluster is similar to the net-
works of the vaccine dataset after May 2015. However, the 
opposite only happens in orbit 9. This highlights how fun-
damentally different user behavior is before and after May 
2015 in the vaccination forum, to the point where networks 
whose size differs by more than an order of magnitude are 
organized in a more similar way than networks of compa-
rable size.
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4.3  Sentiment analysis

We combine three metrics to summarize sentiment in each 
time window:

• Number of threads: the most direct metric from our labe-
ling process, we measure the proportion of threads (i.e., 
original posts) labeled with each sentiment.

• Number of posts in thread: this allows us to gauge how 
popular each type of thread is, identifying cases where, 
for example, there are many threads with a particular 
sentiment label, but each thread has very few posts; or 
where there are only a few threads with a sentiment label, 
but each thread receives a large number of replies.

• Number of users: we measure which types of sentiment 
attract more users and how often users post in threads of 
different sentiment. This metric is useful for understand-
ing how much information flows between threads of dif-
ferent sentiments.

For each of these metrics, we measure how the proportion 
of positive to negative, negative to positive and neutral to 
non-neutral sentiments changes over time. For example, 
in a given time window, we calculate the number of posi-
tive threads divided by the number of negative threads, the 
number of negative threads divided by the number of posi-
tive threads and the number of neutral threads divided by 
the number of positive or negative threads. We calculate 
these proportions for number of threads, number of posts 
and number of users, measuring how they vary over time.

4.3.1  Vaccination forum

Starting with the vaccination subforum, we show how 
the proportion of threads of each sentiment (Fig. 5a), the 

proportion of posts in threads of each sentiment (Fig. 5b) 
and the proportion of users in threads of all combinations 
of sentiment (Fig. 5c) change over time.

We find that the most common sentiment when opening a 
new discussion thread is neutral, with 58% of threads labeled 
this way. One of the primary uses of the Mumsnet forum 
is for parents to seek advice from other parents; therefore, 
many of the threads marked as neutral may be questions 
that do not incite discussion beyond answering the ques-
tion. Evidence that supports this is that neutral threads tend 
to have shorter active times, with 70% lasting less than a 
week, compared with 56% and 52% for positive and nega-
tive, respectively. The second most common sentiment is 
negative, with 29% of discussions starting with a viewpoint 
against vaccination. The proportion of negative threads is 
particularly high before March 2013 and after November 
2017, with 37% and 36% of threads being negative during 
these time periods, respectively. The least common type of 
thread is positive (13% of all threads), which may be because 

Fig. 7  Alluvial plot of the macro proportion of posts of positive, neu-
tral or negative sentiment in threads of positive, neutral or negative 
sentiment in the COVID-19 dataset Fig. 8  Percentage of posts of each sentiment label, inferred from the 

proportion of posts of each sentiment in threads of each sentiment in 
the labeled sample of the COVID-19 dataset, results shown for each 
data slice

Fig. 9  Average discordance index per thread in the sampled subset of 
the COVID-19 dataset over time, calculated as the average discord-
ance using windows with 2 to 5 posts
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those who are content with the status quo (high rates of vac-
cination) are less likely to post than those who wish it to 
change.

The largest number of posts were written as replies to 
negative threads (44%), compared with 36% of replies in 
response to neutral threads and 20% in response to posi-
tive threads. In spite of this, positive and negative threads 
receive on average a similar number of replies, 44 and 42, 
respectively, much higher than the average 17 replies per 
neutral thread. Figure 5b highlights how there are time peri-
ods dominated by discussions of each sentiment, for example 
from September 2017 to March 2018 78% of posts were 
replies in negative threads, but from May 2015 to May 2016 
this proportion decreases to 28%.

Figure 5c shows that the majority of the users—89%—
post in only one type of thread. The biggest crossover 
between types of threads is neutral and negative, accruing 
an average of 6% of users over time, against 1% that post in 
both positive and negative, 2% in positive and neutral and 
2% in threads of all sentiments. We find that after July 2015, 
the proportion of users that post in threads of all sentiments 
or in positive and negative threads decreases significantly; 
prior to this date, these percentages are 3.5% and 1.8%, 
respectively, decreasing to 0.6% and 0.5% after July 2015.

These numbers are biased by the majority of the users 
who post in only one thread. Across all data slices, on aver-
age only 15% of users post in multiple threads, but these 
users are responsible for 47% of posts. When we consider 
only these users that post on at least two threads, the major-
ity of them (69%) post in threads of different sentiments, 
with 1% posting only in positive threads, 19% only in nega-
tive and 11% only in neutral. As before, the most common 
combination is posting in negative and neutral threads, with 
38% of users doing so, followed by posting in threads of all 
sentiments (14% of users).

To summarize, even though Fig.  5c shows that only 
a small proportion of users post in threads of different 

sentiments, when restricting the set of users to those that 
post in at least two threads, they are more likely to post in 
thread of different sentiments. As these users are responsible 
for nearly half of the posts on the board, it is reasonable to 
assume that there is information flowing between threads of 
different sentiments.

We are interested in knowing if the shifts we observe in 
sentiment correlate with differences in network structure. 
Thus, we need a systematic and quantifiable way to detect 
whether sentiment in one time window is significantly dif-
ferent from that in other time windows. To achieve this, for 
each of the metrics above, we calculate the proportion that is 
positive to negative, negative to positive and neutral to non-
neutral, and then calculate a Z-score (as standard, through 
subtracting the mean and dividing by the standard deviation) 
for each proportion.

When the Z-scored proportion takes a value above 1 or 
below -1 for multiple metrics related to the same senti-
ment within a time window, we consider that dimension 
to contain a significant change in sentiment. We choose 
the value of 1 (corresponding to two-sided statistical sig-
nificance at the 32% level for each metric) rather than the 
more common z-score absolute value of 2 (corresponding 
to two-sided statistical significance at the 5% level for each 
metric) to avoid ignoring excessive numbers of changes 
due to the use of multiple metrics. To give an example of 
how our procedure works, an increase in both the propor-
tion of neutral threads and posts in neutral threads is con-
sidered significant, but if the increase was only observed 
in the number of neutral threads, then that time window 
would not be considered significant. Figures 18, 19 and 20 
show this Z-score over time for threads, posts and users, 
respectively. These figures also contain all the network 
differences we mention in the previous section, marked 
as a black dotted line on index i when the change occurs 
from index i to i + 1 and a gray dotted line when the change 
occurs from index i to i + 2 . In the cases when both black 
and gray dotted lines ought to be present, we give prece-
dence to the difference between consecutive time windows 
and show only the black dotted line.

According to this definition of significant change in senti-
ment, we observe a total of 20 (out of 59) time windows with 
a significant change in sentiment, compared to 16 differences 
in network structure.

We separate the differences in network structure into 6 
groups:

• The difference between the network starting in March 
2012 and the network starting in May 2012 is associ-
ated with a decrease in the proportion of neutral threads 
(Fig. 18c) and an increase in the proportion of posts in 
neutral threads (Fig. 19c). There is also a significant 

Fig. 10  Average discordance index per thread in the COVID-19 data-
set over time, calculated as the average discordance using windows 
with 2 to 5 posts. Values are inferred from the sample of sentiment 
labeled posts
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increase in the proportion of users that post in multi-
ple threads of different sentiments during this time 
(Fig. 20d).

• The differences between the networks of May 2014 to 
September 2014 and of September 2014 to January 2015 
do not appear to match with significant differences in 
sentiment during this period.

• The changes in network structure in March 2015 and 
May 2015 are associated with increases in the proportion 
of positive threads (Fig. 18a), posts in positive threads 
(Fig. 19a) and users posting only in positive threads 
(Fig. 20a).

• The differences in March and May 2016 are correlated 
with increases in the proportion of neutral threads 
(Fig. 18c), posts in neutral threads (Fig. 19c) and users 
posting only in neutral threads (Fig. 20c).

• Between November 2016 and July 2017, we record dif-
ferences of network structure in 5 consecutive time win-
dows, and during this time, we observe an increase in the 
proportion of neutral threads (Fig. 18c), an increase in 
the proportion of posts in negative threads (Fig. 19b), an 
increase in the proportion of users posting only in nega-
tive threads (Fig. 20b) and a decrease in the proportion of 
users posting in multiple threads of different sentiments 
(Fig. 20d). There is also a significant shift from the time 
slice starting in November 2016 to January 2017 in the 
number of posts and users in neutral threads (Figs. 19c 
and 20c), from a proportion significantly higher than the 
average to significantly lower.

• The group of network differences between January 2018 
and July 2018 is related to an increase in the proportion 
of negative threads (Fig. 18b), posts in negative threads 
(Fig. 19b) and users posting only in negative threads 
(Fig. 20b).

We also find periods of time where there is change in the 
sentiment that is not reflected in differences in the network 
structure. In particular, we observe a high proportion of pos-
itive threads (Fig. 18a), posts in positive threads (Fig. 19a) 
and users posting only in positive threads (Fig. 20a) in Jan-
uary and March 2014. The final time period that fits our 
definition of sentiment change but does not align with dif-
ferences in network structure is between July and Septem-
ber 2011, where we detect a higher than usual number of 
posts in positive threads (Fig. 19a), posts in neutral threads 
(Fig. 19c) and users in neutral threads (Fig. 20c).

4.3.2  COVID‑19 forum

We examine how the proportion of threads of each sentiment 
(Fig. 6a), proportion of posts in threads of each sentiment 

(Fig. 6b) and proportion of users in threads of all combina-
tions of sentiment (Fig. 6c) change over time.

As with the vaccination forum, the most common sen-
timent when starting a thread about vaccination during 
COVID-19 is neutral (69% of threads). A major difference to 
the vaccination forum is that threads with neutral sentiment 
are the most common in all data slices, whereas in the vac-
cination dataset there were time windows with more nega-
tive threads than neutral. The reason for this prevalence of 
neutrality may be that many threads about vaccination dur-
ing the pandemic are not discussing the actual vaccine but 
instead issues surrounding the vaccination campaign, such 
as logistics or rules for vaccinated people, so the original 
post of these threads does not contain any judgment of value 
toward the vaccine, which we marked as neutral sentiment.

As before, the second most common sentiment is negative 
(20% of threads). Negative sentiment is particularly high 
between March and July 2021, which coincided with the 
Astra Zeneca blood clot issue and users complaining about 
side effects of vaccines. The least common sentiment is posi-
tive (11% of threads). However, the first four time windows 
with a start date in 2020 have a much higher proportion of 
positive threads compared with the remainder of the data-
set, with an average of 23% positive threads over this time 
period.

Although they are few in number, positive threads 
attract the highest number of replies, averaging 70 replies 
per time window, against 60 in negative threads and 39 in 
neutral. Despite attracting more replies, the low number of 
threads means that posts in positive threads are nonethe-
less the minority of all posts, averaging 17% of all posts 
over time, as illustrated in Fig. 6b. The popularity of indi-
vidual positive threads can be explained by “positivity” 
threads, created to be a safe space where users can feel 
good about the progress of the vaccination campaign.

The prevalence of neutral threads leads to posts in these 
constituting the majority of the posts in all time windows, 
with an average of 57% over time. Posts in negative threads 
make up the remaining 26% and are the ones with the great-
est variance in proportion over time.

Neutral threads contain the greatest proportion of users, 
with 48% of users posting only in neutral threads, 11% in 
negative and neutral, 6% in positive and neutral and 6% in 
threads of all sentiments. The remaining 29% of users are 
split between 18% that only post in threads of negative senti-
ment, 9% in threads of positive sentiment and 2% in threads 
of either positive or neutral sentiment.

Figure 6c exposes another difference in behavior between 
users discussing vaccination in the COVID-19 subforum and 
in the defunct general vaccination subforum. Whereas in 
the latter we found that 89% of users restricted themselves 
to only one of positive, neutral or negative threads, in the 
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COVID-19 dataset this number decreases to 75%. This is 
likely because the proportion of users that post in multi-
ple threads is higher in the COVID-19 dataset (35% against 
15% in the vaccination dataset) and they make up a larger 

proportion of the total number of posts (75% against 47%). 
In spite of this difference, when considering the users that 
post in multiple threads, the same percentage (69%) of these 
post in threads of different sentiment in both datasets.

Fig. 11  Number of users, threads and posts for different combinations of time jump and time span to define the time granularity in the dataset 
related to the vaccine forum
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As with the vaccination dataset, we want to understand 
whether changes in sentiment are associated with differences 
in network structure. We previously saw that the majority 
of the networks in the COVID-19 dataset are very similar, 

which fits with the results we have just discussed, as the 
prevailing sentiment throughout the 13 months of data is 
of neutrality. Nonetheless, we observe both differences in 
network structure and in the proportion of negative, positive 

Fig. 12  Number of users, threads and posts for different combinations of time jump and time span to define the time granularity in the dataset 
related to the COVID-19 forum
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Fig. 13  Heat map of network distances between each pair of networks in the Mumsnet vaccination dataset, for each orbit in graphlets of size up 
to 4. Distances are calculated using PCA_NetEmd (Silva et al 2023) with size 4 graphlets and 90% explained variance
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Fig. 14  Heat map of network distances between each pair of networks in the Mumsnet COVID-19 dataset, for each orbit in graphlets of size up 
to 4. Distances are calculated using PCA_NetEmd (Silva et al 2023) with size 4 graphlets and 90% explained variance
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and neutral threads and of posts and users therein. Using the 
same methodology as before, we show how the proportion of 
negative to positive, positive to negative and neutral to posi-
tive plus negative changes over time in regard to the number 
of threads (in Fig. 21), posts (Fig. 22) and users (Fig. 23).

We categorize the network differences in 4 groups:

• The first two networks are significantly different from 
the remaining networks in the dataset and this difference 
is connected to a higher representation of positive senti-
ment (Figs. 21a, 22a and 23a) and a lower representa-
tion of negative sentiment (Figs. 21b, 22b and 23b) in all 
three metrics.

• The difference between the networks starting on 15 
March and 1 April 2021 coincides with a decrease in the 
proportion of neutral threads (Fig. 21c), posts in neutral 
threads (Fig. 22c) and users in neutral threads (Fig. 23c). 
The time window starting on 15 March is also the time 
with the highest proportion of users posting in multiple 
threads with different sentiments (Fig. 23d).

• The difference between the networks of 1 May and 1 
June and that between 15 May and 1 June 2021 are both 
above the 80th percentile of network distances, but we 
find little evidence of sentiment change in these time 
periods, despite the slight underrepresentation of posts 
and users in neutral threads (Figs. 22c and 23c) during 
the time window starting on 15 May. We also observe 

network differences between the networks of 15 May 
and 15 June and between 1 June and 1 July 2021, which 
can be related to the high proportion of negative senti-
ment in the data slices of 15 June and 1 July.

• The final networks of the COVID-19 dataset, after 
1 September 2021, show a low degree of similarity, 
either in consecutive networks (networks starting on 
15 September, 15 October and 15 November 2021) 
or in networks two jumps apart (networks starting 1 
September, 1 October and 1 November 2021). These 
differences are likely to be related to a high proportion 
of neutral sentiment during this time, in particular the 
two time windows of 1 and 15 October 2021, or a low 
proportion of users posting in multiple threads with 
different sentiments.

Although we find some overlap between differences in net-
work structure and changes in the sentiment of the forum, 
these do not correspond to a one to one match. For instance, 
the highest proportion of posts and users in positive threads 
occurs in 1 December 2020, but there the network struc-
ture at that point is similar to the structure of the networks 
that succeed it. Conversely, some network differences do 
not seem to be connected with changes in sentiment, such 
as the difference between 15 May and 1 June 2021 that we 
mentioned previously or the difference between 15 Novem-
ber and 1 December 2021.

Fig. 15  Heat map of network 
distances between all networks 
in both the Mumsnet vaccina-
tion and COVID-19 dataset. 
Distances are calculated using 
PCA_NetEmd (Silva et al 2023) 
with size 4 graphlets and 90% 
explained variance
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Fig. 16  Heat map of network distances between all networks in both the Mumsnet vaccination and COVID-19 dataset, for each orbit in graphlets 
of size up to 4. Distances are calculated using PCA_NetEmd (Silva et al 2023) with size 4 graphlets and 90% explained variance
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Due to these misalignments between differences in net-
work structure and sentiment variation, we decided to label 
all posts from a subset of threads from the COVID-19 forum. 
The threads were picked randomly, with equal proportion of 
positive, negative and neutral threads. Some time windows 
were underrepresented in the initial sample, so we re-sam-
pled more threads from each time window that was under-
represented until there was at least 1% of threads and posts 
from each time window in the sample. This led to a total of 
129 threads (about 3.0% of the number of threads) which 
contained 6898 posts (about 3.1% of the number of posts).

The posts in this dataset were labeled using the same 
rules as the ones we used to label the original post of 
each thread. Upon labeling these posts, we calculate the 
proportion of posts of each sentiment in threads of each 
sentiment. Figure 7 shows an Alluvial diagram of this pro-
portion for each combination in the threads that we labeled 
(Table 1 presents the same information in numerical for-
mat). The average shown is the macro average, i.e., the 
average proportion of each thread; results do not change 
substantially when using the micro average instead.

The results from Fig. 7 (and Table 1) show that negative 
threads have the widest range of sentiments, as users with 
opinions favorable toward vaccination often challenge neg-
ative views. On the other hand, despite their smaller fre-
quency, positive threads are havens for users who wish to 
shield themselves from negativity in the forum, as negative 
threads are more frequent than positive ones. In positive 
threads, we find that the majority of the posts are also posi-
tive toward vaccination, likely due to “positivity” threads 
that celebrate events like new vaccines being approved or 
milestones in the number of doses administered. Of all 
sentiments, neutral threads have the smallest proportion 
of negative posts, perhaps because they are either ques-
tion and answer threads that do not evolve into lengthy 
discussions and thus are not attractive to users who want 

to spread an anti-vaccination agenda; or they turn into dis-
cussions about issues other than vaccination, for example 
whether restrictions should be lifted.

Assuming that the proportions from Table 1 are repre-
sentative of the whole population of threads in our dataset, 
we can infer the percentage of posts of each sentiment over 
time, shown in Fig. 8.

Even though there are an overall higher number of posts 
in negative threads than positive threads, a higher propor-
tion of posts are expressing a positive sentiment than a 
negative one. We find that 26% of posts convey a positive 
sentiment, which is substantially greater than the 17% of 
posts written as replies to positive threads. Conversely, the 
proportion of posts in negative threads was an overestima-
tion of the total percentage of negative posts in the dataset, 
which we calculate to be an average of 11% across all time 
slices. The proportion of posts in neutral threads was also 
an underestimation for the overall percentage of neutral 
posts, changing from 57% to 63%.

Employing the same methodology as before of Z-scoring 
the proportion of positive to negative, negative to positive 
and neutral to positive plus negative posts, we are able to 
identify a possible reason for the network structure differ-
ence between the network of 1 June 2021 to its neighbors. 
As shown in Fig. 24, in the data slices of 1 May, 15 May, 
15 June and 1 July 2021 there is an underrepresentation of 
positive posts and an overrepresentation of negative ones, 
which is not the case for the time window starting on 1 June 
2021. The same effect happens for the number of users in 
negative threads (Fig. 23b), which are overrepresented in 
the four closest time windows to 1 June 2021, but not in the 
time window of 1 June 2021.

Finally, we explore the level of disagreement in each 
thread of the sampled subset of the COVID-19 dataset over 
time, through the discordance index metric we propose. 

Fig. 17  Distribution of orbit 14 
in the networks of 15 September 
2021 and 1 October 2021, from 
the COVID-19 dataset
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Figure 9 shows the average discordance per thread over time, 
with the discordance for each thread calculated as the aver-
age discordance using windows of 2 to 5 posts.

Results using the discordance index indicate that the 
network difference we observe in 1 June 2021 may be con-
nected with a period of a high degree of disagreement within 
the forum. Another period of time that stands out is the par-
ticularly low level of disagreement in the time window start-
ing on 1 October 2021, which we also previous highlight as 
it coincides with a significant difference in network struc-
ture. On the other hand, the discordance index suggests that 
during the time window of 1 July 2021 there is a very low 
level of disagreement that does not coincide with a differ-
ence in network structure.

Assuming our sample is representative of the whole 
dataset, we can calculate the average discordance value in 
threads of each sentiment type and use it to infer the average 
discordance index for the whole dataset, which we show in 
Fig. 10.

This methodology still emphasizes 1 June 2021 as a time 
of particularly high level of disagreement in the forum. The 
results also uncover a possible explanation for the network 
structure changes after September 2021, as the time win-
dows starting on 1 September, 15 September and 1 Octo-
ber 2021 have the lowest levels of disagreement of all time 
frames and they are followed by a rapid increase in the dis-
cordance index in 15 October 2021.

5  Discussion

5.1  Summary of results

We have shown how user interactions with the Mumsnet 
forum can be represented through complex networks. By 
splitting these interactions according to their date, we are 
able to obtain snapshots of these interactions over a fixed 
period of time. We employed the technique of network com-
parison to observe differences between each snapshot of 
interactions, by measuring how the structure of the network 
obtained from these interactions changes over time.

We found that differences in network structure often occur 
simultaneously to real-world events that affect discussions 
in Mumsnet. For instance, the three major differences in the 
network structure of the COVID-19 forum coincide with 
the approval of the Pfizer and Astra Zeneca vaccines, the 
emergence of the Delta variant and the start of the vaccine 
booster program. Some of the differences in network struc-
ture we identify can be traced to changes in the distribution 
of specific orbits, which form a basis for the interpretation of 
the reasons for the differences in structure. An example of a 

change in the distributions of a subset of orbits that leads to 
significant differences in the structure of the whole network 
are the distributions of cliques in the vaccination subforum; 
these orbits are the biggest contributors for the separation of 
the networks in this dataset into two broad clusters, before 
and after May 2015.

By performing sentiment labeling and analysis on these 
datasets, we were also able to uncover a link between differ-
ences in the network structure and changes in the sentiment 
toward vaccination in the forum. Out of 10 groups of net-
work changes, only in one do we not find any connection to 
change in sentiment. Conversely, there are only two changes 
in sentiment that are not reflected in differences of network 
structure, both of which occur in the vaccination dataset.

Through a sample of the COVID-19 dataset, we stud-
ied whether differences in network structure were a better 
indicator of the distribution of sentiment within the posts 
of a thread. The distribution of sentiment in a thread can 
be seen as a proxy for the amount of disagreement within 
that discussion; although posts of the same sentiment do not 
necessarily indicate agreement, posts of different sentiment 
reflect opposing views. By using this metric of disagree-
ment, results show that the time with most disagreement in 
our sample coincides with the second largest difference in 
network structure.

Considering Mumsnet as a whole, our analysis shows 
clear distinctions between how users discuss vaccination 
in general and how they discuss it within the context of 
COVID-19. This distinction starts in the way that discus-
sions progress in each thread, with the COVID-19 forum 
characterized by short-lived threads with a high volume of 
replies. This contrasts with more drawn out threads, some 
that even last multiple years, in the vaccination forum. There 
are also big differences between the two forums in terms of 
the sentiment toward vaccination. Because the data for the 
vaccination forum spans a much longer period of time, it is 
natural that it contains greater shifts in sentiment over time. 
However, there is a much higher prevalence of neutral senti-
ment in the COVID-19 forum, as neutrality is the dominant 
sentiment in all time windows; the same does not happen in 
the vaccination forum, where there are time periods domi-
nated by negative sentiment. Another key difference between 
the two forums is the number of users posting in threads of 
different sentiments, which can be seen as a proxy for the 
amount of information flowing between threads of differ-
ent types. The proportion of users posting in threads of all 
sentiments is significantly higher in the COVID-19 forum 
than in the vaccination forum, which can be interpreted as 
an indication that there is a wider variety of opinions in each 
thread of the COVID-19 forum.
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Underlying all these distinctions between the two forums, 
we find significant differences between the network structure 
of their user interactions. Although the contrast in network 
structure is to be expected for the reasons above, we observe 
unexpected similarities in the distributions of certain orbits. 

These similarities highlight common patterns of user inter-
actions in Mumsnet as a whole and further accentuate the 
difference between the networks before and after May 2015, 
in the vaccination forum.

Fig. 18  Vaccination subfo-
rum—threads of each sentiment
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5.2  How can network structure help us understand 
sentiment?

Sentiment labeling is a very laborious process that consumes 
a great deal of human resources and does not scale to large 

datasets, as an increase in the quantity of data requires a 
corresponding increase in the effort of labeling. Automatic 
methods have been developed, but the vast majority focus on 
Twitter data and are unsuitable for more nuanced arguments 
that do not fit the character limit of a tweet. Furthermore, 

Fig. 19  Vaccination subfo-
rum—posts in threads of each 
sentiment
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automatic methods require representative samples for train-
ing and pre-labeled data for training is often inappropriate 
due to changes in the context in which the discussions took 
place.

On the other hand, the network comparison methodology 
we use to analyze user behavior in vaccination discussions is 
an easy to use out-of-the-box tool that scales to large social 

networks. Through network comparison, we were able to 
identify periods of time with differences in user behavior 
that were associated with changes in sentiment toward vac-
cination. In other words, our results indicate that shifts in 
opinion are also reflected in changes to the network struc-
ture. Our methodology naturally does not replace sentiment 
analysis, but instead it can be useful for researchers as a tool 

Fig. 20  Vaccination subfo-
rum—users in threads of each 
sentiment
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to identify shifts in sentiment that can help to target further 
analysis.

Another strength of our approach of network comparison 
is that we are able to inspect which graphlets and orbits are 
responsible for the differences in network structure. This 

knowledge can be used to compliment sentiment analysis 
to generate hypothesis about differences in user behavior.

We now provide an example of this ability to generate 
hypotheses from differences in network structure identi-
fied by the network comparison methods. In Sect. 4.2.2, we 

Fig. 21  COVID-19 subforum—
threads of each sentiment
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highlighted that the difference in the network starting on 1 
October 2021 was being primarily driven by changes in the 
distributions of cliques, either of size 3 or 4. This change 
does not stem from an over or under representation of these 
subgraphs, as motif analysis indicates that the subgraph 

ratio profile (Milo et al 2004) is very similar for these two 
networks (0.61 in 15 September 2021 and 0.59 in 1 Octo-
ber 2021). Instead, in October 2021 we observe that more 
users participate in a greater number of cliques, compared 
to the previous time slice where we see a distribution of 

Fig. 22  COVID-19 subfo-
rum—posts in threads of each 
sentiment
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participation in cliques more similar to a heavy-tailed distri-
bution, as expected (see Fig. 17 for a visual representation of 
this difference). Using this information, we can hypothesize 
that the network from 1 October 2021 is composed of a large 
set of users densely connected and this large set of users is 
sparsely connected to the remaining users, who form their 
own small clusters.

Building on this hypothesis, we can hypothesize about 
user behavior that led to this network topology. Recall from 
Sect. 3.3 that this network of interest is a sparsified one-
mode projection on the user partition from a user-thread 
bipartite network. Therefore, to reach this network topol-
ogy, the bipartite network needs to have a small number of 
nodes from the thread partition connected to a large set of 

Fig. 23  COVID-19 subfo-
rum—users in threads of each 
sentiment
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nodes from the user partition. From a social network per-
spective, this is equivalent to saying that there is a small 
number of threads where the majority of the vaccination 
discourse was concentrated. This can indicate a sort of pref-
erential attachment (Barabási and Albert 1999) toward popu-
lar threads, with mechanics resembling a Chinese restaurant 
process (Aldous et al 1985).

5.3  Limitations

Although we are able to judge which graphlets are respon-
sible for the changes in network structure, we were unable 
to determine whether there is a correspondence between 
changes in certain graphlets and the prevalence of a specific 
sentiment. We tried alternative techniques, such as motif 
analysis through the comparison against a null model or even 
simply inspecting the frequency of graphlets, but changes in 
network structure are often quite subtle; it is not the preva-
lence of each subgraph that leads to the differences in net-
work structure, but rather how they are distributed over the 
network. This is what makes complex networks complex; 
characterizing their structure is often hard so it is impor-
tant to develop heuristics that can help identify when the 
structure is different compared to other networks that are 
hypothesized to be similar. Nevertheless, the relationship 
between network structure and sentiment is still an open 
problem and we leave the application of other techniques to 
uncover this relationship for future work.

One of the biggest limitations of our analysis of the 
COVID-19 forum is the wide criteria we used to include 
threads in our dataset, as all threads that included any key-
word related to vaccination were considered in the analysis. 
This lead to the inclusion of threads where the discussion 
was not focused on the vaccines themselves, but instead 
related to the pandemic in general. This wide criteria was 
particularly evident when labeling the sampled posts, where 
we identified discussions about lockdowns and opening up 
the country after the vaccination campaign, about Brexit in 

the context of Astra Zeneca vaccine distribution and other 
pandemic-specific topics like modeling, masking and test-
ing. These discussions were labeled as neutral toward vacci-
nation, but there was a large body of arguments in regard to 
each of these issues, with polarizing opinions between users.

It was unclear how to deal with this issue. Even if on a 
thread level it was possible to detect threads whose discus-
sion was not aimed at the vaccines in particular when we 
labeled each original post, we found that even in threads 
that started off as discussions about the vaccine, the natural 
flow of discussion trended toward other issues. This was 
especially common in threads with a large number of posts, 
where off-topic concerns kept being brought up, usually as 
a reflection of the pandemic situation at the time.

These side discussions present a confounding factor in 
connecting the structure of the networks with the sentiment 
of the forum. The structure of the network carries informa-
tion about how the discussions are being carried out, regard-
less of their content, whereas all the side discussions were 
grouped under the umbrella sentiment of neutrality. This 
affects all facets of our analysis but in particular the discord-
ance index, as we observed long sequences of neutral posts 
that hid a high level of disagreement.

Another issue that affects both the COVID-19 and vac-
cination forums is moderation by Mumsnet staff in an effort 
to remove blatant misinformation. This is reflected in threads 
being deleted or posts whose content was deleted, as well as 
replies that quoted those deleted posts. Whereas the former 
only affects the overall perception of how much negative 
sentiment is in the forum, as naturally only threads nega-
tive toward vaccination were deleted, the deleted posts are 
still encoded in the network structure and were marked as 
neutral sentiment. The reason for marking deleted posts as 
neutral instead of negative is that they do not necessarily 
express anti-vaccination views borne out of misinformation, 
but instead often they are unfruitful discussions between 
users that involve personal attacks and thus violate the rules 
of the forum.

6  Conclusion

This paper presents a novel approach to the analysis of vac-
cination discussions in online social networks. In particular, 
we study how these discussions are carried out in Mumsnet, 
a discussion board targeted toward parents. This medium is 
often overlooked by researchers in favor of more popular 
social networks like Facebook or Twitter, but studies have 
found that discussion boards such as Mumsnet have a greater 
effect on vaccination decisions than Twitter and are a reflec-
tion of public opinion.

By recording users’ posting patterns in threads, we are 
able to construct networks of user relationships, which 

Table 1  Proportion of posts of positive, neutral or negative sentiment 
in threads of positive, neutral or negative sentiment in the COVID-19 
dataset

The table is read as: posts of sentiment A make up X% of the posts 
in threads of sentiment B. For example, posts of positive sentiment 
make up 22.5% of the posts in threads of negative sentiment or posts 
of negative sentiment make up 6.3% of the posts in threads of positive 
sentiment

Threads

Positive (%) Neutral (%) Negative (%)

Posts Positive 51.7 19.0 22.5
Neutral 42.0 76.9 47.3
Negative 6.3 4.1 30.2
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represent how users behave and interact among themselves 
in the forum, over fixed lengths of time. One way to measure 
how these relationships change over time is by employing 
network comparison through distributions of graphlets. The 
methods we use to compare these networks require little 

parametrization, making them usable as out-of-the-box tools 
that scale for social networks with millions of users and are 
interpretable as they show which functional structures are 
responsible for the differences in structure.

Fig. 24  COVID-19 subforum—
posts of each sentiment, inferred 
from the sampled subset of data
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We validate the output of the network comparison meas-
ure against indicators of sentiment toward vaccination in the 
forum, after hand-labeling the original post of each thread 
related to vaccination. Results show that there is an asso-
ciation between differences in the network structure of user 
interactions and changes in the sentiment of threads. Thus, 
network comparison can be used as a tool to reduce the effort 
of sentiment labeling, a labor-intensive and often expensive 
process, by providing a high-level indication of when senti-
ment is changing.

Appendix A: data granularity visualization

See Appendix Figs. 11 and 12.

Appendix B: Network distances with all 
individual orbits

See Appendix Figs. 13, 14, 15, 16 and 17.

Appendix C: Sentiment analysis results

See Appendix Figs. 18, 19, 20, 21, 22, 23, 24 and Table 1.
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