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Abstract 

Background  Social media hashtags play a significant role in increasing the visibility of health information by making 
it easier for people to explore health-related content. Health promotion campaigns use campaign-specific hashtags 
to disseminate health-related messages, enabling individuals to access accurate and timely resources and updates. 
The study aims to discover patterns of connection between hashtags and identify the most influential hashtags used 
on Twitter in the American Heart Month campaigns.

Method  We collected a total of 73,288 tweets containing #AmericanHeartMonth between January 2019 and March 
2023 and retrieved 18,143 original tweets, 42,930 retweets, 2,519 quotes, and 20,846 likes related to the past five 
campaigns. We adapted co-occurrence network analysis to explore the patterns of relationships between hashtags 
and association rules mining to assess the quality and strength of association between the co-occurred hashtags.

Result  While #AmericanHeartMonth, #OurHearts, and #HeartMonth play central roles in all hashtag co-occurrence 
networks, the results of association rules mining indicate a significant association of #OurHearts within the networks. 
The highest density of hashtags has been observed in the quoted tweets, introducing a new range of hashtags such 
as #GoRedForWomen, #WearRedDay, #HeartDisease, and #HeartHealth by Twitter users, indicating the positive cor-
relation between co-occurring hashtags and users’ engagement. The results of quality measurements of association 
rules (Lift > 1) indicate positive relationships between the co-occurred hashtags in the top 5 rules in all data subsets.

Conclusion  We employed co-occurrence network analysis and association rules mining as powerful techniques 
to identify influential hashtags that may have a central role in health-related discussions and drive engagement 
within the co-occurrence hashtag network. In conclusion, we recommend additional hashtag structures in con-
junction with heart health-related topics to improve community building and the effectiveness of disseminating 
messages in future heart health promotion campaigns. The study contributes to knowledge and practice by offer-
ing a structured and data-driven approach and providing practical guidance for public health practitioners, profes-
sionals, and organisations to optimise content, targeting, and messaging to reach and engage a broader audience 
with health-related information.

Keywords  Association rules mining, Co-occurrence networks, Hashtag analysis, Health promotion, Twitter

*Correspondence:
Atousa Ghahramani
atousa.ghahramani@live.vu.edu.au
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12889-024-21255-5&domain=pdf


Page 2 of 17Ghahramani et al. BMC Public Health           (2025) 25:67 

Background
An estimated 17.9 million people died from cardiovascu-
lar disease in 2019, constituting 32% of all global deaths. 
Of these deaths, 85% were attributed to heart attacks and 
strokes [1]. Raising awareness of heart health appears 
crucial in encouraging individuals to make changes 
toward a healthy lifestyle [2]. Health organisations lever-
age the user-friendly features of Twitter [3] to communi-
cate health messages to a broad range of audiences, with 
the ultimate goal of influencing individuals and public 
lifestyles to bring about changes in health behaviours [4, 
5]. Studies have highlighted the need for health organisa-
tions to exert efforts in establishing credible health infor-
mation in online environments [3]. Additionally, they 
should carefully and regularly evaluate the performance 
of campaigns, making necessary adjustments to reach 
and engage a broader audience. Such efforts can signifi-
cantly impact public health awareness and facilitate the 
process of changing health-related behaviours [4, 6].

The use of social media for health promotion
Social media plays a multifaceted and significant role 
in health promotion interventions. The influential and 
wide-reaching nature of social media allows health 
professionals and organisations to communicate with 
diverse audiences, ultimately influencing health behav-
iour [7]. Analysis of user engagement and the monitor-
ing of specific health behaviours on social media can be 
used to suggest systems and procedures to stakeholders 
to improve strategies for future health promotion cam-
paigns [8]. Users increasingly search for and share health-
related information on social media channels, creating 
rich social and diverse cultural data available for explora-
tion in the health domain [9–11]. Such data, along with 
interactions between social media users, provides rich 
data sources that support the discovery of latent patterns 
of users’ health-related behaviours [11]. In the context 
of promoting health-related behaviours on social media 
platforms such as Twitter, tweets, retweets, quotes, and 
likes to play important roles in disseminating health mes-
sages and engaging with target audiences [12]. There is 
a wealth of opportunities to use social media for health 
promotion through targeted messages, the ability to 
interact with the public, targeting hard-to-reach groups, 
and creating dynamic campaigns [13, 14].

Evidence shows that health promotion initiatives 
could increase the reach, exposure, impression, impact, 
and engagement of social media users and impact their 
health-related behaviours [15]. Prior research analysed 
the potential of social media campaigns to improve user 
engagement and enhance people’s behaviour towards a 
healthy lifestyle [9]. They addressed specific methodo-
logical approaches, which vary widely in focus, target 

population, theoretical foundations, mode of delivery, 
functionality, and usability. This variation makes it dif-
ficult to ascertain what works and how, complicating 
efforts to compare approaches [11].

The primary feature of Twitter is the capability to 
provide communication loops in Twitter networks and 
increase engagement through retweeting, liking, and 
quoting a tweet [14], allowing users to communicate a 
topic of interest within a community [3]. Twitter users 
retweet when they want to share information with their 
network and wider audiences and value other users’ opin-
ions and thoughts [16]. Despite growing public interest in 
interactive communication and dialogue on social media, 
the majority of health-related messages remain predomi-
nantly one-way, focusing on information dissemination 
rather than fostering engagement or conversation [17]. 
The numbers of retweets, likes, replies, and quotes on a 
tweet posted by a health promotion organisation repre-
sent other users’ thoughts about the shared messages. It 
can be identified as a key to attract people and improve 
perceptions and credibility of the message [16].

Thematic use of hashtags on Twitter helps categorise 
and relate content, making them one of the most com-
monly employed components in tweets. Recent studies 
have shown that by following, tweeting, and retweeting 
specific hashtags, users actively engage in communication 
within broader online communities, fostering discussions 
around shared topics [15]. Public health organisations 
create and promote particular hashtags or use popular 
hashtags that can facilitate easy search and discovery 
of health-related information by users on social media 
[3]. Hashtag analysis has been broadly used as a tool in 
research that allows different quantifications [18, 19]. 
Fuster-Casanovas et  al. [20] applied network analy-
sis related to #VaccinesWork, promoted by UNICEF, to 
detect the optimal time to launch the campaigns and 
investigate the shared main messages and involvement 
of key leaders that had a significant influence on the dis-
semination of health information on Twitter [20]. Uwins 
et  al. [21] employed hashtag network analysis of the 
World Gynaecologic Oncology Day awareness campaign 
to assess the impact and reach of the campaign on Twit-
ter and revealed that a single, relevant, memorable, and 
easy-to-spell hashtag would be the most effective hashtag 
used in a campaign [21]. Prior research using hashtag 
analysis to investigate public engagement with discussed 
health-related topics on social media aims to understand 
users’ health-related behaviour in various health promo-
tion campaigns [22, 23].

This study aims to investigate association rules between 
used health-related hashtags on Twitter to discover pat-
terns of relationship and connection between hashtags 
and identify the hashtags that played central roles in 
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original tweets and retweets, quotes, and likes in the 
American Heart Month campaigns. We reviewed world-
wide heart-health promotion campaigns and selected 
the “American Heart Month’’ campaign to comply with 
methodological and sample size requirements. Each Feb-
ruary, NHLBI and The Heart Truth® celebrate “Ameri-
can Heart Month” by motivating Americans to adopt 
healthy lifestyles to prevent heart diseases. The research 
questions answered in this study are: What is the overall 
structure of the co-occurrence network of used hashtags 
in the American Heart Month campaigns? What are the 
top frequency used hashtags? Which hashtags tend to co-
occur most frequently with other hashtags on Twitter? 
What are the central hashtags that play significant roles 
in connecting different heart health-related discussions 
on the Twitter network? Do co-occurring hashtags corre-
late with user engagement, such as retweets, quotes, and 
likes?

Method
In this study, we employed a computer programming 
language and visual techniques for statistical computing 
and graphics to analyse Twitter data. We leveraged the 

advantages of applying Association Rules Mining and Co-
occurrence Network Analysis to four data subsets (Origi-
nal tweets, Retweets, Quotes, and Likes) to explore the 
trends of used hashtags in the conversations on Twitter 
during the American Heart Month campaigns. The data 
was analysed in RStudio Version 4.3.1, using R packages 
and libraries. The methodology flowchart is illustrated in 
Fig. 1.

Sampling and data collection
The Twitter data used in this study were collected ret-
rospectively for the period between January 2019 and 
March 2023 using the Twitter REST API. This approach 
enabled the collection of historical data relevant to 
the American Heart Month campaigns. Retrospective 
data collection was chosen to allow for the examina-
tion of longitudinal trends and the relationships among 
hashtags over multiple campaign cycles. To ensure the 
reliability and relevance of the dataset, specific filter-
ing criteria were applied, such as including only tweets 
containing campaign-related hashtags (e.g., #Ameri-
canHeartMonth), limiting to English-language tweets, 
and excluding private or restricted content. This process 

Fig. 1  The proposed framework for hashtag network analysis
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provided a robust foundation for conducting co-occur-
rence network analysis and association rule mining.

The study employed a case study approach, analysing 
73,288 tweets from the American Heart Month cam-
paigns between 2019 and 2023. The dataset comprises 
four subsets: 18,143 original English-language tweets, 
42,930 retweets, 2,519 quotes, and 20,846 likes. Data col-
lection performed using the Twitter REST API, which 
provides access to extensive real-time public data and 
supports researchers in analysing user activity without 
requiring informed consent. The data were filtered based 
on specific criteria to ensure relevance and quality and 
were collected and processed using RStudio Version 4.3.1 
with appropriate R packages and libraries.

Campaign and platform selection
The period from 2019 to 2023 witnessed significant tech-
nological advancements and shifts in user behaviour on 
social media platforms starting with the COVID-19 pan-
demic, including on Twitter [24]. These changes have 
notably influenced hashtag usage and engagement in 
public health campaigns underscoring the importance of 
examining social media interactions within the context of 
technological and behavioural shifts during this period 
[25]. The chosen period captures multiple iterations of 
the campaign, which likely include variations in public 
engagement.

Case studies are particularly effective for investigat-
ing complex, real-world phenomena within their natu-
ral contexts [26]. This campaign was selected due to its 
consistent use of heart-health related hashtags over a 
multi-year timeframe, providing a robust foundation for 
examining engagement patterns and hashtag dynamics. 
The selection aligns with Yin’s criteria for case studies, as 
it enables an in-depth exploration of public engagement 
with heart health-related hashtags on social media [26].

The dataset, spanning a five-year period, offers a longi-
tudinal perspective that captures shifts in public engage-
ment and hashtag usage trends. This approach adheres 
to Yin’s [26] recommendation to use diverse and robust 
datasets to enhance the validity and generalisability of 
findings. This study underscores the importance of inte-
grating both qualitative and quantitative data in case 
studies for effective theory-building, a principle that 
underpins the methodology of this research [27]. This 
approach is further supported by best practices in social 
media research for health promotion, as demonstrated in 
prior studies [21].

Twitter is widely recognised as a supplementary 
tool for enhancing engagement and strengthening 
social networks in various health promotion cam-
paigns. Existing research has utilised Twitter as a 
source of public and searchable data to monitor trends 

in health-related behaviors [8]. In the United States, 
where the American Heart Month campaign primarily 
targets audiences, Twitter’s popularity and extensive 
user base make it a valuable platform for such initia-
tives. In 2019, the platform reported approximately 330 
million monthly active users, with significant growth 
observed through 2023 (Statista, 2024). This substan-
tial user base underscores Twitter’s broad reach and 
influence, making it a pivotal medium for campaigns 
like American Heart Month. Additionally, Twitter’s 
dynamic environment fosters active exchanges between 
users through mechanisms such as retweets, replies, 
and likes, which facilitate user engagement and the dis-
semination of health-related messages [28]. Its hashtag 
system allows for the categorisation and easy retrieval 
of campaign-related content, enabling the analysis 
of co-occurrence patterns and relationships between 
hashtags. Furthermore, Twitter provides excellent 
accessibility for researchers through its APIs, offering 
open access to publicly available data [29]. This feature 
allows for collecting large datasets, such as the 73,288 
tweets analysed in this study, providing a robust foun-
dation for conducting co-occurrence network analy-
sis and association rule mining. The ability to process 
extensive datasets over multiple years enhances the 
reliability of findings and offers valuable insights into 
longitudinal trends in hashtag usage. These factors 
collectively position Twitter as the most suitable plat-
form for analysing the structural relationships among 
health-related hashtags and their role in engaging the 
public during the American Heart Month campaigns. 
Its accessibility, popularity, and real-time interaction 
features were instrumental in achieving the objectives 
of this research [30].

The selection of the American Heart Month campaign 
was based on specific methodological and sample size 
requirements designed to ensure the robustness and rel-
evance of the analysis. To identify a suitable campaign, 
we reviewed several worldwide heart-health promotion 
campaigns that leveraged social media platforms, par-
ticularly Twitter. The criteria for selection included: con-
sistent hashtag usage, sufficient tweet volume, relevance 
to public health and temporal scope. The American Heart 
Month campaign met all these requirements. It is a well-
established annual initiative with consistent social media 
activity, particularly on Twitter, where hashtags such as 
#AmericanHeartMonth and #OurHearts were heav-
ily promoted. Its focus on heart health, a critical public 
health issue, further justified its selection for this study.

Other campaigns were excluded because they did not 
meet one or more of these criteria. For instance, some 
campaigns lacked a primary hashtag or had inconsistent 
usage, resulting in datasets that were too fragmented for 
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meaningful analysis. Others generated an insufficient vol-
ume of tweets or did not span a multi-year period, limit-
ing their utility for longitudinal analysis.

Co‑occurrence network analysis
Co-occurrence network analysis can provide valuable 
insights into the content and often identify communities 
of users discussing similar topics and helps to understand 
the dynamics of conversations on Twitter [20]. In the co-
occurrence network analysis of hashtags, we explored the 
relationships between hashtags based on their co-occur-
rence patterns in a dataset. This analysis helps identify 
which hashtags frequently appear together in the same 
tweets. Co-occurrence network analysis is frequently 
applied to Twitter data to uncover relationships between 
specific words and hashtags that commonly appear 
together in tweets. This approach has been widely used to 
study various topics, events, and trends [12, 22–24], par-
ticularly in the field of health [31, 32]. We applied a cor-
pus-based co-occurrence network analysis and measured 
the size of the network, including the number of nodes 
(hashtags), edges (co-occurrences), and the proportion of 
actual connections to possible connections (density). We 
visualised the co-occurrence and relationships of used 
hashtags. To enhance co-occurrence network analysis, 
we adjusted the visualisation to make it more informa-
tive by filtering the network to extract the most relevant 
hashtags and calculated centrality measurements to iden-
tify influential hashtags.

Co‑occurrence Matrix
The co-occurrence matrix M represents the number of 
times each pair of hashtags appears together in the data-
set. If n is the number of hashtags, then the matrix M is 
an n × n matrix.

Co‑occurrence Probability
The co-occurrence probability P(x,y) represents the like-
lihood that hashtags x and y appear together relative to 
their individual occurrences. It is normalised by the total 
number of occurrences.

Co-occurrence network analysis involves detecting 
hashtags that play a significant role in connecting dif-
ferent hashtags and influencing heart health-related 
conversations in the Twitter network [25]. We calcu-
lated the Eigenvector Centrality for each hashtag (node). 

Mxy = Number of times hashtags x and y co occur

P(x, y) =
Mxy

Total number of occurrences of hashtags x and y

Centrality analysis of hashtags measures the influence of 
a hashtag in the network, considering the influence of its 
connected hashtags, based on the quality and quantity of 
connections in the network [26].

A higher centrality indicates that a hashtag is con-
nected to other highly central hashtags. Visualisation 
of the network and inspection of the layout can help to 
identify central hashtags. Central hashtags are likely to be 
located in the centre of the network.

Association rules mining
We employed association rules mining, a machine learn-
ing technique, to discover patterns and relationships 
between used hashtags within a large dataset collected 
from Twitter. This approach provides valuable insights 
into the co-occurrence of hashtags used in five years of 
American Heart Month campaigns [27]. While we aim to 
investigate the frequent sets of used hashtags, this infor-
mation is often presented as a collection of if–then rules, 
referred to as "Association Rules" [21]. The form of an 
association rule is {X—> Y}, where {X} is a set of hashtags, 
and {Y} is a hashtag. This association rule implies that if 
all the items in {X} appear in some hashtag sets, then {Y} 
is "likely" to appear in that hashtag set as well [33].

Association measures
In association rules mining, the following key compo-
nents of metrics are measured to assess the quality and 
strength of identified association rules. Visualisation aids 
in the interpretation and communication of complex 
association rules, helping users understand the relation-
ships between hashtags and make informed decisions 
based on the mined patterns. The choice of visualisation 
depends on the specific goals of the analysis and the char-
acteristics of the data. The metrics can be used to evalu-
ate the significance of the relationships between a set of 
hashtags [2]:

1.	 Support: measures the frequency of occurrence of 
each hashtag. Higher support suggests that a hashtag 
is more common and frequently occurs. The metric 
support explains how popular a set of hashtags is. In 
general, for a set of hashtags X, with n = number of 
all co-occurrences [33]:

Centrality (x) =
1

�
y Adjacency Matrix (x, y) x Centrality (y)

Support (X) =
Frequency (X)

n
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2.	 Confidence: measures the likelihood of co-occur-
rence of two hashtags. The higher confidence val-
ues indicate a stronger association between the two 
hashtags. Confidence explains how likely a hashtag 
(Y) is occurring given that hashtag (X) has occurred 
which is expressed as {X—> Y}. It is measured by 
the proportion of co-occurrences with hashtag (X), 
in which hashtag (Y) also occurred. The confidence 
can be interpreted as an estimate of the probability 
P(Y|X).  Support (X ∪ Y) means the support of the 
union of the hashtags in X and Y. The confidence of a 
rule is defined as [33]:

3	 Lift: assesses the strength of an association rule. It’s 
the ratio of the observed confidence to the expected 
confidence if two hashtags were independent. Lift 
values greater than 1 indicate that the occurrence 
of a hashtag increases the likelihood of the occur-
rence of another hashtag, suggesting a positive rela-
tionship between the occurrence of hashtags. Lift 
explains how likely hashtag Y occurs when item X 
occurs, while controlling for how popular hashtag Y 

and X are. It measures how many times more often 
hashtags X and Y occur together than expected if 
they were independent statistically. Lift measures 
how many times more often hashtags X and Y occur 
together than expected if they were independent 
[33]. A lift value of 1, implies no association between 
hashtags, if greater than 1 means that hashtag Y is 
likely to occur if hashtag X has occurred, if less than 
1 means that hashtag Y is unlikely to occur if hashtag 
X has occurred.

A‑Priori Algorithm
The main idea behind the A-Priori Algorithm is to 
reduce the number of hashtag sets that we examine. 

Confidence (X− > Y)
Support (X ∪ Y)

Support (X)
=

P (X ∩ Y)

P (X)
= P (Y/X)

Lift (X− > Y ) =
P (X ∩ Y )

P(X) × P(Y )

We eliminate hashtag sets by selecting smaller sets and 
detecting that a large set cannot be frequent unless all its 
subsets are frequent. If a hashtag set is infrequent, then 
all its subsets must also be infrequent [33]. The list of 
popular hashtag sets is obtained through these steps. The 
A-Priori Algorithm is used to identify hashtag sets with 
high support and hashtag associations with high con-
fidence or lift [2, 21]. We apply the A-Priori Algorithm 
to a particular set of co-occurrences to find all rules with 
support greater than or equal to the support threshold 
and confidence greater than or equal to the confidence 
threshold. Support and Confidence Thresholds are used 
to set minimum support and confidence thresholds to 
filter out uninteresting or weak associations. This helps 
focus on the most meaningful rules [33].

Relative hashtag frequency
Relative item frequency is one of the key metrics in asso-
ciation rule mining that typically explores the most fre-
quently used hashtags within the collected dataset from 
Twitter [18]. It measures how often a specific hashtag set 
occurs relative to the total number of co-occurrences. 
We set a minimum support threshold to identify asso-
ciation rules involving hashtags that occur frequently 
enough to be considered relevant within the hashtag set. 
Relative item frequency is a measure used to assess the 
significance or prevalence of a specific hashtag within the 
dataset [28].

Results
Descriptive user contribution analysis
We conducted a descriptive analysis, focusing on the 
distribution and usage frequency of top used hashtags 
by individual contributors and organisations during the 
American Heart Month campaign. The data was catego-
rised by contributors, grouped by hashtags, and summa-
rised to identify key patterns and trends in engagement. 
The visual representation highlights the relative contri-
butions of top entities and the diversity of hashtags they 
employed (Fig. 2).

The results indicate that "Contributor 1" actively uti-
lised multiple hashtags, demonstrating a broad engage-
ment strategy and emphasising the role of influencers 
in disseminating health-related information. Similarly, 
"Organisation 1" exhibited diverse hashtag usage, likely 
reflecting its role as a central stakeholder in the cam-
paign. In contrast, entities such as "Organisation 5" pri-
marily focused on specific hashtags (e.g., #HeartMonth), 
suggesting a targeted messaging approach to engage 
niche audiences.

Relative hashtag Frequency (A) =
Number of cooccurrences containing hashtag set A

Total number of cooccurrences
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Co‑occurrence network analysis of hashtags
Co-occurrence network analysis is used in studies to 
uncover the patterns of hashtag networks to track and 
identify emerging trends in real-time [34]. Co-occur-
rence relationships (Edges) connect pairs of hashtags 

that co-occur more frequently with each other in tweets. 
The results of co-occurrence network analysis of used 
hashtags in English language original tweets (Fig.  3), 
Retweets (Fig. 4), Quotes (Fig. 5) and Likes (Fig. 6) rep-
resent the complex patterns of relationships between 

Fig. 2  Hashtag contributions by top contributors and organisations in the American Heart Month Campaign

Fig. 3  Visualisation of co-occurrence hashtag network in English language original tweets related to American Heart Month campaigns in the past 
five years



Page 8 of 17Ghahramani et al. BMC Public Health           (2025) 25:67 

Fig. 4  Visualisation of co-occurrence hashtag network in the English language retweets related to American Heart Month campaigns in the past 
five years

Fig. 5  Visualisation of co-occurrence hashtag network in English language quotes related to American Heart Month campaigns in the past five 
years
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the hashtags. Quotes with a minimum number of nodes 
(n = 1661) and edges (n = 1624), obtain a maximum net-
work density (118 X 10–5). Likes with a maximum num-
ber of nodes (n = 9101) and edges (n = 9004), obtain a 
minimum network density (22 X 10–5). #americanheart-
month and #ourhearts play significant roles in all hashtag 
networks. We summarised metrics such as number of 
nodes, number of edges and density of each network in 
Table 1 to provide quantitative measures of the network’s 
structure and characteristics (see Appendix A).

Association rules mining
The results of association rules mining of hashtag net-
works visualised the rules between hashtag networks 
to identify the association rules between hashtags in 
a clear and interpretable manner. We detect the top 5 
rules within the hashtag co-occurrence networks with 
the highest confidence that indicates a strong conditional 
probability and the highest lift that indicates a significant 
association between the co-occurred hashtags.

The results of association rules mining in English lan-
guage original tweets (Confidence = 0.62—0.83 and 

Lift = 0.90—2.86) indicate a strong probability of co-
occurrence between (#OurHerats and #Heartmonth) and 
(#AmericanHeartMonth and #heartdisease, #HeartH-
ealth, #heart) (Fig. 7).

The results of association rules mining in Eng-
lish language retweets (Confidence = 0.66—0.79 and 
Lift = 1.78—3.98) indicate a strong probability of co-
occurrence between (#OurHerats and #SaludTues) and 
(#AmericanHeartMonth and #heartdisease, #HeartH-
ealth, #heart) (Fig. 8).

The results of association rules mining in English lan-
guage quotes (Confidence = 0.61—0.99 and Lift = 1.00—
2.58) indicate a strong probability of co-occurrence 
between (#OurHerats and #SaludTues, #HeartDisease, 
#HeartMonth, #WearRedDay). Rule 5 stands out as an 
outlier rule that indicates no co-occurrence with #Amer-
icanHeartMonth within the hashtag network in quotes 
which requires further investigation. (Fig. 9) The results 
of association rules mining in English language likes 
(Confidence = 0.62—0.72 and Lift = 0.99—2.24) indicates 
strong probability of co-occurrence between (#OurHer-
ats and #HeartDisease, #HeartMonth) and (#American-
HeartMonth and #heartdisease, #HeartHealth) (Fig. 10).

Fig. 6  Visualisation of co-occurrence hashtag network in English language likes related to American Heart Month campaigns in the past five years
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Fig. 7  Visualisation of top five association rules in co-occurrence of hashtags in English language original tweets related to American Heart Month 
campaigns in the past five years

Fig. 8  Visualisation of top five association rules in co-occurrence of hashtags in English language retweets related to American Heart Month 
campaigns in the past five years
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Fig. 9  Visualisation of top five association rules in co-occurrence of hashtags in English language quotes related to American Heart Month 
campaigns in the past five years

Fig. 10  Visualisation of top five association rules in co-occurrence of hashtags in English language likes related to American Heart Month 
campaigns in the past five years
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We also summarised the measured parameters used 
to obtain association rules in hashtag networks related 
to American Heart Month campaigns in the past five 
years in Table 2 (see Appendix B).

Frequency distribution of hashtag occurrences
In the context of association rule mining, relative fre-
quency often refers to the support of the co-occurrence 
of a hashtag within the network [28]. The results of the 
frequency of the top 10 used hashtags in English lan-
guage original tweets, retweets, likes and quotes identify 
#AmericanHeart with the highest frequency within the 
hashtag networks (Fig. 11).

The relative hashtag frequencies in original tweets, 
retweets, likes, and quotes indicate that #American-
HeartMonth is relatively common and occurs more fre-
quently than the total occurrences in these datasets. 
However, #AmericanHeartMonth obtained significant 
engagement from target audiences by choosing easy-to-
remember and readable hashtags in tweets related to the 
campaign [21]. While #AmericanHeartMonth, #Our-
Hearts and #HeartMonth play a central role in all hashtag 
networks, the results of associate rules mining indicate 
a significant association of #OurHearts within hashtag 
networks. The highest density of hashtags has been 
observed in the quoted tweets through the introduction 
of a new range of hashtags such as #GoRedForWomen, 
#WearRedDay, #HeartDisease and #HeartHealth by the 
Twitter users which indicates the positive correlation 
between co-occurring hashtags with users’ engagement. 
The results of quality measurements (Lift > 1) indicate 
positive relationships between the co-occurred hashtags 

in the detected association rules in all datasets [28]. 
(Table 2) (Appendix B).

Discussion
Heart-health organisations need to stand out as cred-
ible sources by providing up-to-date and accurate heart-
health-related information through their social media 
channels for sustained engagement of the public in 
health-related issues and to connect people with simi-
lar health concerns and interests [3]. Evidence shows 
that Twitter health promotion campaigns that promote 
dedicated hashtags are highly effective in promoting 
health-related behaviours [29]. Using hashtags in tweets 
facilitates finding similar health-related topics for users 
[29]. People interested in health-related topics can sim-
ply search and follow tweets with particular hashtags 
[30, 31]. Promoting specific hashtags can help campaign 
organisers monitor and track the interaction of people 
with heart-health-related messages [32]. Comparing the 
frequency of users’ engagement with each hashtag used 
during the campaign can easily guide the identification 
of high-performance hashtags to be used to increase 
engagement in future campaigns [33].

The hashtags analysed in this study were utilised by 
diverse audiences, including individuals and organisa-
tions [32]. A longer time frame can contribute to a more 
robust dataset for association rule mining. Understand-
ing the historical use of hashtags can guide planning for 
future campaigns. When conducting association rules 
mining, the comprehensive dataset derived from a wide 
time frame enhances the potential for discovering mean-
ingful associations and patterns that may be missed in 

Fig. 11  Frequency distribution of top hashtags across Original Tweets, Retweets, Likes, and Quotes during the campaign in five years
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a shorter time. It also provides a more nuanced under-
standing of the dynamics surrounding American Heart 
Month campaigns [2]. Insights obtained from asso-
ciation rules mining can guide the selection of effective 
hashtags, messaging strategies, and targeted outreach for 
upcoming American Heart Month campaigns. Track-
ing hashtags over an extended period may reveal shifts 
in public behaviour, awareness, or sentiment related to 
heart health [34]. Changes in hashtag usage patterns can 
be indicative of evolving attitudes and behaviours within 
the target audience [35, 36].

We analysed the co-occurrence of hashtags in original 
tweets, retweets, quotes, and likes to compare the varia-
tions and differences in the patterns of used hashtags in 
different datasets. We assume that most original tweets 
are shared on Twitter by the American Heart Month 
organisers and retweets, quotes, and likes are the results 
of users’ engagement with heart health-related informa-
tion. The most important benefit of co-occurrence net-
work analysis of hashtags is to detect hashtags that play 
a central role in connecting different topics. These influ-
ential hashtags often drive the engagement of users on 
social media platforms to disseminate information and 
can guide the improvement of social media strategies 
[37]. Furthermore, researchers can compare and predict 
the co-occurrence patterns across different periods and 
user groups to identify variations in the use of hashtags 
[38]. The analysis of the main contributors in top hashtag 
usage offers valuable insights into the roles of key stake-
holders, such as influencers and organisations, in driving 
engagement and amplifying campaign messages. These 
efforts are instrumental in fostering awareness and pro-
moting sustainable health behaviors among target audi-
ences [39].

Data mining techniques such as Association Rule Min-
ing are widely used for extracting and summarising infor-
mation from social media data that potentially represent 
topics or themes discussed by social media users [39]. 
Exploring association rules within hashtag networks is 
a valuable method to develop health-related content on 
social media [40]. By identifying associations between 
hashtags, we can suggest related or complementary 
hashtags to increase the discoverability and engagement 
of health-related messages among social media users 
[41].

Future heart health promotion campaigns need to 
enhance strategies on social media to achieve a higher 
rate of reach and engagement of target audiences by 
choosing simple, relevant, and easy-to-remember 
hashtags in tweets [21]. The American Heart Month cam-
paigns promoted #OurHearts as the unique campaign 

hashtag and other hashtags such as #AmericanHeart-
Month and #HeartMonth which allows social media 
users to easily search and follow heart health-related 
discussions communicated by the campaigns. Observ-
ing a range of new hashtags (such as #GoRedForWomen, 
#WearRedDay, #HeartDisease, and #HeartHealth) in 
the hashtag co-occurrence network of quoted tweets 
indicates the positive correlation between co-occurring 
hashtags with Twitter users’ engagement who played 
a significant role in the dissemination of heart-health 
related messages among the community. Hashtag recom-
mendations [36] based on association rules mining help 
discover relevant content and support campaigners to 
expand content reach and improve users’ engagement on 
social media platforms. To recommend a combination of 
hashtags to be used during future campaigns, we target 
the top frequently used hashtags filter the related asso-
ciation rules and select the top 5 rules. #OurHearts indi-
cates a positive association within hashtag networks and 
is recommended to be used with #AmericanHeartMonth, 
#HeartMonth, #GoRedForWomen, #HeartDisease, and 
#HeartHealth in the tweets to increase the engagement 
rate of users with the heart health-related tweets before, 
and during, and after the campaigns [36].

Prior studies revealed that engagement with tweets 
related to a health-related topic can impact users’ health-
related behaviours [42]. Evidence shows that the higher 
engagement of users who communicate health-related 
content on social media actually attempts to change their 
health-related behaviours in real life [43].

Limitations and future research directions
This study acknowledges several limitations related 
to technical constraints and tweet collection. Firstly, 
the data were collected using the Twitter REST API, 
which relies on specific hashtags for data retrieval. This 
approach may exclude relevant tweets that do not explic-
itly use the predefined hashtags, potentially limiting the 
dataset’s comprehensiveness. Future research could inte-
grate additional keyword-based retrieval methods or 
advanced natural language processing (NLP) techniques 
to capture a broader range of health-related content.

Secondly, the study focuses solely on Twitter, which, 
while valuable, represents only one social media platform. 
User engagement patterns and health-related behaviours 
may vary significantly across platforms. Future studies 
could adopt a cross-platform perspective, incorporating 
other social media platforms to provide a more holistic 
understanding of social media’s role in health promo-
tion. Thirdly, while this study measures user engagement 
through metrics such as retweets, likes, and quotes, these 
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do not necessarily reflect real-life behavioural changes. 
Future research could explore methodologies that link 
social media interactions with tangible health outcomes, 
such as surveys or interventions that track behavioural 
changes influenced by health campaigns.

Additional limitations include the reliance on the 
Streaming Twitter API, which collects data based on spe-
cific hashtags but does not use random sampling. This 
could limit the representativeness of the dataset and the 
generalisability of the findings [44]. Moreover, the sam-
ple is restricted to publicly available tweets, excluding 
private data that may provide further insights. Twitter 
users themselves are not necessarily representative of the 
broader population [45], and metrics such as retweets 
and likes do not fully capture users’ real-life behaviours 
[13]. The accuracy, validity, and credibility of informa-
tion disseminated on Twitter remain critical concerns 
when analysing social media data. The longer data col-
lection period provides a more comprehensive dataset, 
enabling the capture of variations and trends in hashtag 
usage over multiple campaigns. While this contributes to 
a broader analysis, the reliability of the patterns observed 
in association rule mining depends not only on the dura-
tion of data collection but also on factors such as dataset 
diversity, volume, and the analytical thresholds applied 
(e.g., support, confidence, and lift). Future research could 
validate these patterns through additional datasets or by 
testing them in real-world contexts [45]. Furthermore, 
expanding data mining techniques, such as incorporating 
machine learning models, could help predict user behav-
iour with greater precision and improve the validation of 
human behaviour analysis [46]. Addressing these limita-
tions in future research will enhance the generalisability, 
reliability, and practical impact of findings in the domain 
of social media-based health promotion.

The findings of this study highlight the potential for 
historical hashtag usage to inform future campaign strat-
egies by identifying patterns of co-occurrence and cen-
trality in hashtag networks. While our analysis focused 
on the relationships between hashtags and their engage-
ment patterns, the deliberate orchestration of hashtag 
relationships by campaign organisers or specific ties of 
individual participants to campaigns were not explicitly 
explored. These aspects represent significant opportuni-
ties for further research. Future campaigns could benefit 
from understanding whether certain hashtag relation-
ships are strategically planned by organisers or emerge 
organically through participant contributions. For exam-
ple, examining campaign planning documents or con-
ducting interviews with organisers could provide insights 
into the intentional use of hashtags to target specific 
audiences or amplify campaign messages. Additionally, 
our findings suggest that monitoring historical hashtag 

performance, such as the success of specific combina-
tions of hashtags in driving engagement, could support 
campaign preparation. Organisers might use this infor-
mation to optimise the selection and pairing of hashtags, 
ensuring they resonate with the target audience while 
fostering broader reach. We recommend that future stud-
ies incorporate mixed-method approaches, combining 
quantitative hashtag analysis with qualitative insights 
from campaign organisers and participants. This would 
provide a more comprehensive understanding of how 
hashtag strategies influence engagement and campaign 
outcomes.

While this study provides valuable insights into the 
structural relationships among hashtags and their co-
occurrence patterns, it does not include a detailed anal-
ysis of user behaviour or demographics. This omission 
restricts the ability to fully understand the diversity of 
audiences engaging with the campaign or the specific 
strategies that may have influenced user behaviour.

Future research could address this gap by incorporat-
ing user-centric analyses, such as examining user demo-
graphics, behaviour patterns, or sentiment.

Conclusion
By employing co-occurrence network analysis and asso-
ciation rule mining, this study highlights the structural 
relationships between hashtags and identifies those cen-
tral to driving engagement. Hashtags such as #American-
HeartMonth and #OurHearts consistently played pivotal 
roles in connecting users and amplifying campaign mes-
sages. These findings offer practical implications for 
future public health campaigns. Campaign organisers can 
leverage these insights to design hashtag strategies that 
enhance visibility and engagement. For example, com-
bining high-impact hashtags identified in this study with 
emerging ones could foster greater audience interaction 
and message dissemination. Furthermore, understand-
ing co-occurrence patterns can help organisers target 
specific user groups and optimise their outreach efforts. 
While this study provides valuable technical insights, it 
also acknowledges its limitations in exploring the motiva-
tions and demographics of users driving hashtag engage-
ment. Future research should incorporate user-centric 
analyses, such as demographic profiling, sentiment analy-
sis, or qualitative approaches, to deepen our understand-
ing of audience behaviours and their implications for 
campaign design.

In conclusion, this research contributes to the field 
of social media-based health promotion by offering a 
structured approach to understanding hashtag dynam-
ics. These findings serve as a foundation for refining 
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health campaign strategies, bridging technical insights 
with actionable outcomes, and fostering broader public 
engagement with health-related content. Specifically, this 
study provides insight into the use of Twitter in health 
promotion interventions to amplify the dissemination of 
health-related messages to a broader audience. By eval-
uating the performance of the American Heart Month 
campaign, this research extends its principles to the 
domain of health promotion, identifying opportunities 
for using social media in interventions.

This study exemplifies how health promotion cam-
paigns can benefit from Twitter’s networking capabilities 
as a highly efficient online environment to disseminate 
credible health-related information and attract a larger 
audience. The visual techniques and analytical methods 
used here can be extended by researchers employing 
new technologies to collect, analyse, and build predictive 
models with real-time data extracted from social media, 
seeking patterns in public health-related behaviour 
[47]. Public health practitioners can use these find-
ings to enhance the performance of health promotion 
campaigns, achieving a sustained impact on behaviour 
change. The results also provide guidance for amplify-
ing the dissemination of health information, increas-
ing reach, and improving engagement with a broader 
audience. Public health organisations must evaluate the 
performance of campaigns to optimise the sharing of 
health-related information on social media and maximise 
user engagement.

Although social media provides opportunities to 
engage users with health-related messages, this inter-
action is not one-sided; further research is required 
to understand the key actors disseminating campaign 
messages, the viewers, and the individuals engaging 
with heart health-related content [19]. Future cam-
paigns must enhance social media strategies to facilitate 
meaningful interactions among Twitter users, increase 
engagement with heart health-related topics, and sus-
tain interest before, during, and after campaigns [48]. 
Sustained engagement can be achieved by developing 
comprehensive social media strategies, such as adopting 
specific heart health-related hashtags, to promote heart 
health behaviours and establish lasting habits that reduce 
the burden of morbidity and mortality from cardiovascu-
lar diseases [49, 50].

Further research should aim to predict and evaluate 
actual health-related behaviour changes influenced by the 
American Heart Month campaigns [20]. Future studies 
should also focus on assessing the effectiveness of health-
related messages on individuals’ lifestyles, as well as the 
credibility and usefulness of information disseminated by 

heart health-promotion organisations. Our team plans 
to conduct further research to uncover hidden semantic 
structures in the text retrieved from Twitter using topic 
modelling to identify the dominant themes discussed 
during the American Heart Month campaign [49, 50].

Ethical Considerations
This study collected data from users who consented 
in the privacy policy on Twitter to disclose their data. 
Therefore, no ethical approval was required from our 
institution as we did not interfere with any human data in 
measuring the internet activity of Twitter users, and the 
users’ accounts remained anonymous [51].

Appendix A
Summary of Key Metric Measurements

Table 1  Summary of key metrics for co-occurrence network 
analysis of hashtags related to the American Heart Month 
campaigns in the past five years, including influential hashtags 

Type of 
tweet

Number 
Nodes 
(hashtags)

Number of edges 
(co-occurrences)

Density of 
network 
X10-5

Influential 
hashtags

Original 
Tweets

7736 7642 25 # american-
heartmonth
# ourhearts
# heart-
month

Retweets 5899 5781 33 # american-
heartmonth
# ourhearts

Quotes 1661 1624 118 # american-
heartmonth
# ourhearts
# heart-
month
# hearth-
ealth
# goredfor-
women
# wearred-
day
# heartdis-
ease

Likes 9101 9004 22 # american-
heartmonth
# ourhearts
# heart-
month
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Appendix B
Parameters used for association rules and quality measures

Table 2  Grid search parameters used to obtain association rules 
andquality measures in the likelihood of co-occurrence in hashtag 
networks related to American Heart Month campaigns in the past 
five years

Type of 
tweets

Support value Confidence 
value

Final 
support 
threshold 

Final 
confidence 
threshold 

Lift Number 
of Rules

 Min Max Min Max Min 
Max 

Original 
tweets

0.022 0.68 0.62 0.83 0.02 0.6 0.90 
2.86

5

Retweets 0.0064 0.0085 0.66 0.79 0.006 0.6 1.78 
3.98

5

Quotes 0.031 0.61 0.61 0.99 0.03 0.6 1.00 
2.58 

5

Likes 0.023 0.65 0.62 0.72 0.02 0.6 0.99 
2.24 

5
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