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Abstract— Nowadays digital landscape, enhancing user engagement on social media platforms is crucial for 
elevating the visibility of universities within their respective communities. Through online presence, universities can 
transform their research activities and outcomes into valuable assets that extend well beyond the academia. As a 
result, the relationship with their community strengthens, opening new opportunities for collaboration. Interaction 
data from Social networks allows to identify the elements of User Engagement and, with this data, is possible to 
comprehend user behavior in order to create an online university community. A quantitative analysis of user 
engagement, viewed through university's commitment to its community, was conducted. The research findings offer 
a strategic tool to enhance the dissemination of scientific content geared toward user engagement. This study was 
carried out using data from a university's Facebook fan page, which served as a platform for sharing scientific 
content, news, and event updates. The research followed a methodology for analyzing social network data, which 
enabled the identification of key elements contributing to user engagement. The investigation revealed that 
variations in engagement for individual posts could be explained by a regression model, using the most correlated 
variables extracted from the fan page's interaction report. Further exploration, employing data mining techniques, 
underscored that self-generated content played the most pivotal role in driving user engagement.  

Keywords— Social media, Interactivity, User Engagement, Facebook fan page, Spearman's Correlation 
Coefficient, Clustering 

 

Resumen— Hoy en día, en el panorama digital el mejorar la participación de los usuarios en las plataformas de 
redes sociales es crucial para elevar la visibilidad de las universidades dentro de sus respectivas comunidades. A 
través de la presencia en línea, las universidades pueden transformar sus actividades y resultados de investigación 
en activos valiosos que se extienden mucho más allá del ámbito académico. Como resultado, la relación con su 
comunidad se fortalece, abriendo nuevas oportunidades de colaboración. Los datos de interacción de las redes 
sociales permiten identificar los elementos de User Engagement y, con estos datos, es posible comprender el 
comportamiento de los usuarios para crear una comunidad universitaria en línea. Se llevó a cabo un análisis 
cuantitativo de la participación de los usuarios, visto a través del compromiso de la universidad con su comunidad. 
Los resultados de la investigación ofrecen una herramienta estratégica para mejorar la difusión de contenido 
científico orientado a la participación de los usuarios. Este estudio se llevó a cabo utilizando datos de la página de 
fans de Facebook de una universidad, que sirvió como plataforma para compartir contenido científico, noticias y 
actualizaciones de eventos. La investigación siguió una metodología para analizar datos de redes sociales, que 
permitió identificar elementos clave que contribuyen a la participación de los usuarios. La investigación reveló que 
las variaciones en la participación en publicaciones individuales podrían explicarse mediante un modelo de 
regresión, utilizando las variables más correlacionadas extraídas del informe de interacción de la página de fans. 
Una mayor exploración, empleando técnicas de minería de datos, subrayó que el contenido autogenerado 
desempeñaba el papel más fundamental a la hora de impulsar la participación de los usuarios. 

Palabras clave— Social media, interactividad, participación del usuario, página de fans de Facebook, coeficiente 
de correlación de Spearman, agrupamiento. 
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1. Introduction 

Social networks are used by over 2.95 billion people (Liyanage & Premarathne, 2021), and have changed the way 
we create content, share information, communicate, and relate to each other (Froment et al., 2022). In the 
educational context, the appearance of Social networks makes the teaching-learning processes have a more social 
and customizable character in students, incorporating Social networks into academic activities (Shang et al., 2011). 
ResearchGate is a specialized academic Social network aimed at scientists and researchers to share publications, 
seek collaborators, communicate work in progress, and build a scholarly reputation (Sababi et al., 2017). It is a site 
that closely and realistically reflects the level of research activity of institutions, forming virtual Social networks 
centered on academic institutions (Yan & Zhang, 2018). But, the dynamics of scientific communication have 
changed, accelerating the knowledge feedback cycle (Campos-Freire & Rúas-Araújo, 2016). Facebook as an 
example of a generalist Social network, is used by most higher education institutional taking advantage of its 
benefits for the institutional dissemination of knowledge. In trying to increase the reach of their posts, higher 
educational institutions frequently vary the content of their posts, hoping to increase the engagement of their 
followers or users. In order to determine if there is an ideal content mix, it is important first to understand the current 
landscape (Peruta & Shields, 2017). 

From a technological standpoint, interactivity is a representation of user preferences and the way they perceive 
information, feeding algorithms with data for future recommendations. It is a measure of how many users take part 
in the modification of the format and content of an environment in real time. Interpreting interactivity as a 
measurement strategy provides the potential to take advantage of data created from monitoring and analyzing posts 
on Social networks, benefiting from the expert knowledge (Steinmetz et al., 2020).  

User activities and conversation metrics like reactions, which are described as the total number of "like", "love," 
"haha," "wow," "sad," and "angry" in the post; the number of times it is shared, and the total number of comments 
in a post are the most common benchmarks on Facebook, that describe interactivity and form the basis for its 
analysis and discussion (Furtado Avanza & Moreira Pinheiro, 2018; Sutanto, 2016).  However, there are other 
metrics such as the number of people who viewed the post at least once. The number of people who viewed the 
content in News Feed, no need to interact with the post. And the number of clicks on posts that led to destinations 
or experiences on or off Facebook. From these metrics, it is assumed that a high level of interactivity generates 
various types of attitudes about the contents of fan pages or groups which exist on Facebook. These attitudes can 
be positive or negative (Kaye, 2021). All these are limited by the comparison between the results of interactivity in 
different posts of the same nature (Ballesteros Herencia, 2018; Sutanto, 2016).  

Analyzing structured and quantifiable data like the user ratings, number of clicks and links, and network connections, 
among others (Chen et al., 2013; Savelev et al., 2021) provides a numerical value to the data. User Engagement 
on Social media platforms is one of the most discussed metric in the scientific community (Molina et al., 2021) 
whose level can be estimated by analyzing interactivity (Kim & Yang, 2017; Shahbaznezhad et al., 2021) that 
considers the qualitative meaning of an individual’s cognitive state and the active relationship they have with the 
content (Furtado Avanza & Moreira Pinheiro, 2018). User Engagement is perceived as a significant factor for 
overseeing the use of Social networks, monitoring the acceptance of their contents, and understanding the level of 
interaction and interest that each publication generates (Furtado Avanza & Moreira Pinheiro, 2018).  

Different approaches have recently been proposed for User Engagement calculation. This calculation requires 
formulas in which the total number of likes, comments and shares are added. In Facebook, the User Engagement 
is calculated with total of all interactions in the post (Figure 1). Due to the nature of the Facebook data, qualitative 
research methods require additional adaptation to capture visual, virtual, and textual interactions in Social networks 
accurately (Chen et al., 2013).  
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Figure 1. Formula for User Engagement in Facebook. 

The scientific community considers the analysis of social network data as a multidisciplinary research area that 
enables the creation, extension, and adaptation of the data analysis models (Savelev et al., 2021). These models 
empirically provide quantitative and qualitative results using statistical methods based on evidence and objective 
data, which allow achieving improvements (Velazquez-Solis et al., 2022), performing a search exploration the 
information on Facebook for differentiating behavioral profiles of students and teachers (Karademir Coşkun et al., 
2020). Various methods and techniques are implemented in the analysis of the Social networks data, like variable 
association (Eriksson et al., 2019; Phuntusil & Limpiyakorn, 2017), regression models (Purba et al., 2020), 
predictive models with process mining (Li & De Carvalho, 2019), and data mining techniques such as naive Bayes 
(Aviles & Esquivel, 2019), principal component analysis (Bharati et al., 2015), and K-means (Liyanage & 
Premarathne, 2021). Also, the unstructured textual information requires an analysis to understand the emotions, 
feelings, thoughts, opinions, and life experiences.  

The objectives of this research are: 1) Use Interactivity metrics for interpretation how different types of content affect 
engagement in fan pages on Facebook. An Institutional fan page used for dissemination of scientific content, news, 
and events, created and maintained at a higher education institution, serves as the case of study 2) Create a 
regression model that predicts and explains variations in engagement for posts on the fan page based on the 
interaction reports from a two-year period. 

The paper is organized as follows. In section II, related work about the qualitative analysis in Social networks and 
Facebook interactivity are described. Then, in section III we present the methodology; later in section IV data 
analysis and findings of the results are explained. Moreover, in section V conclusions and future work are presented. 
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2. Related work 

2.1 Quantitative analysis on Social networks 

Purba et al., (2020), a new metric for people who are not among the followers but liked a post from a user was 
proponed. For that, a regression model was developed using metadata, sentiment, hashtag to predict the outsider’s 
percentage. On another hand, in the study of Eriksson et al., 2019, they take an explorative consumer engagement 
approach to analyze three interior design brands’ postings on Facebook and Instagram. In order to, investigate 
differences in consumer brand post engagement regarding these postings.  

The investigate of Aviles & Esquivel (2019) was centered on mining social networks data specifically on users’ post 
from Facebook fan pages among selected Universities. The main objective of this study was mining social media 
data to identify their stakeholders’ social networks behaviors and make knowledge-driven decisions using Naïve 
Bayes Classifier. The authors Liyanage & Premarathne (2021) introduce an approach to detect Facebook clone 
profiles by using a clustering technique on its profile attributes and network connections. With the Agglomerative 
hierarchical clustering algorithm and Jaccard similarity measurement, they list the possible clones with their 
percentages. 

2.2 Facebook Interactivity 

Measurement of User Engagement is calculated by three different methods: surveys and interviews, implicit 
measures, and web analytics (Chan-Olmsted et al., 2017). In web analytics, User Engagement is obtained from the 
behavior shown by users through their activity on digital platforms. Therefore, a series of metrics are required to 
quantify interaction-related variables, such as the total number of reactions on the post (Nr), the number of user 
comments on the post (Nc), and the number of times users shared the post (Ns) (Bonsón & Ratkai, 2013; Hu & 
Chen, 2016; Jayasingh, 2019; Pilař et al., 2021).  

There exist diverse formulas and models for calculating User Engagement based on data obtained from Facebook 
fan pages or groups. Table 1 presents the evolution of metrics used to calculate User Engagement identified over 
2013 - 2020. When reviewing each work, eight of them had no identifiable rationale for variables or mathematical 
verification about the origin of the formula they were implementing. Having information from the variables used by 
different formulas and models helps to identify an integrated measure of User Engagement, underscoring the 
importance of the parameters normalized (Eriksson et al., 2019).  

All the formulas shown in Table I are based on an addition of the different types of interactions, expanding from the 
formula used by Facebook (equation 1).  

 

A difference is established in the formula proposed by (Jayasingh, 2019), where coefficients, or weights, are used 
for each type of interaction as a representation of the effort needed. In addition, engagement rate is calculated over 
a fraction of the total followers of the page, represented by the 0.8 exponent. 

 

𝑈𝑠𝑒𝑟 𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝑜𝑛 𝐹𝑎𝑐𝑒𝑏𝑜𝑜𝑘 =  𝑁𝑟 + 𝑁𝑐 + 𝑁𝑠           (1) 
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Table 1. Formulas for User Engagement. 

 

2.3 Qualitative analysis on Social networks 

There are two directions in which qualitative analysis is recommended. The first, commonly known as qualitative 
research, is focused on the fields of sociology, medicine, psychology, and linguistics.  

The second direction, called intellectual, is used in the field of Artificial Intelligence for qualitative analysis and is 
characterized by reasoning, simulation, and data analysis (Tsvetkov, 2021). A qualitative approach to social network 
data analysis supports the creation of meaning by placing technology in specific social contexts, places, and times. 
On the other hand, there is a need to implement inductive methods that allow us to delve deeper into the culture of 
digital spaces, considering users' perspectives as complex and heterogeneous (Voorveld et al., 2018). 

A review of related work identified the application of various types of methods, which established data empirically 
using accepted statistical methods (He et al., 2017; Karademir Coşkun et al., 2020; Phuntusil & Limpiyakorn, 2017), 

Year Metrics Proposed Formula Authors 

2013 

Likes 
Comments 
Sharing 
Followers 
Messages  

Bonsón & Ratkai 
 
Hoffmann 

2014 

Likes 
Comments 
Sharing 
Followers  

Niciporuc 

Likes 
Comments 
Sharing 
Followers 
Scope  

Oviedo-García et al.  

2015 

Reactions 
Comments 
Sharing 
Likes on fan page  

Vadivu & Neelamalar 

2017 

Reactions 
Comments 
Sharing 
Followers  

Herrera-Torres et al. 

Reactions 
Comments 
Sharing 
Likes on fan page  

Peruta & Shields 

Reactions 
Comments 
Sharing 
Likes on fan page  

Phuntusil & Limpiyakorn 

2018 

Reactions 
Comments 
Sharing 
Scope  

Ballesteros-Herencia 

2019 

Reactions 
Comments 
Sharing  

Ge & Grezel 
 
Eriksson et al. 

Reactions 
Comments 
Sharing 
Likes on fan page    

Jayasingh Sudarsan 

2020 

Reactions 
Comments 
Sharing 
Posts 
Followers 

 

Martínez-Sala & Segarra-
Saavedra  

 

𝑁𝐿 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝑀𝑒𝑠𝑠𝑎𝑔𝑒𝑠

𝑁𝐹

 

𝑁𝐿 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝐹

 

𝑁𝐿 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝐹

µ𝑆𝑐𝑜𝑝𝑒

 

𝑁𝑅 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝐿𝑖𝑘𝑒𝑠 𝑓𝑎𝑛  𝑝𝑎𝑔𝑒
 

𝑁𝑅 + 𝑁𝐶 + 𝑁𝑆 

𝑁𝐹

 

𝑁𝑅 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝐿𝑖𝑘𝑒𝑠 𝑓𝑎𝑛  𝑝𝑎𝑔𝑒
 

𝑁𝑅 + 𝑁𝐶 + 𝑁𝑆 

𝑁𝐿𝑖𝑘𝑒𝑠  𝑓𝑎𝑛𝑝𝑎𝑔𝑒
0.8  

 
𝑁𝑅+𝑁𝐶+𝑁𝑆  

𝑆𝑐𝑜𝑝𝑒  𝑝𝑜𝑠𝑡
 

𝑁𝑅 + 5𝑁𝐶 + 10𝑁𝑆 

𝑁𝑅 + 5𝑁𝐶 + 10𝑁𝑆  

𝑁𝐿𝑖𝑘𝑒𝑠 𝑓𝑎𝑛𝑝𝑎𝑔𝑒
0.8  

𝑁𝑅 + 𝑁𝐶 + 𝑁𝑆  

𝑁𝑃𝑜𝑠𝑡 × 𝑁𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑟𝑠
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such as nonparametric tests (Bharati et al., 2015; Molina et al., 2021), analysis of variance (ANOVA) and coefficient 
correlation analysis for metrics analysis (Gil‐quintana et al., 2022; Velazquez-Solis et al., 2022), statistical analysis 
models (Voorveld et al., 2018), regression models for interpretate and predicate metrics (Wheatley & Vatnoey, 2020), 
association models, predictive or data mining models like Naive Bayes (He et al., 2017), Principal Component 
Analysis (Gil‐quintana et al., 2022), and K-means (Liyanage & Premarathne, 2021). The Pearson's correlation 
coefficients, ANOVA test, chi-square test, and linear discriminant were used for a dataset analysis (Agusriandi et al., 
2020).  

The models employed are based on the extraction of knowledge from the data sets as by the ANOVA and text mining, 
to analyze the data later with the goal of understanding virtual social behavior, and also the feelings and emotions of 
interacting persons (Tsvetkov, 2021; Wheatley & Vatnoey, 2020). There are methodological proposals that present 
applications of algorithms for content analysis of text data (Chan-Olmsted et al., 2017), PageRank algorithm and 
HITS algorithm, Facebook API (Tsinovoi, 2020), JavaScript and REST API (Dabbagh & Kitsantas, 2012). In some of 
them, data mining and cleansing activities in the process of social network data analysis are similar (Eriksson et al., 
2019; Phuntusil & Limpiyakorn, 2017; Pilař et al., 2021; Stieglitz et al., 2018; Surya Gunawan et al., 2020). 

In the work of (Franz et al., 2019), qualitative research was conducted on Facebook users and their activity on the 
social network. They sought options to address health issues through the analysis of social network generated texts, 
concluding that qualitative and quantitative analysis on Facebook involves participation of the researcher in the study 
of observed patterns of information to identify relational themes, grammatical elements and the valence of sentiments 
contained in Facebook posts and associated comments. In trying to increase the reach of posts, organizations often 
vary the content, hoping to increase the User Engagement of their followers. The identified methods only rely on 
users' Social networks or their behavior, while the role of content contributed by fan page owners on Social networks 
is ignored (Al-Dheleai & Tasir, 2017).  

3. Methodology 

An adaptation of the methodologies for statistical and qualitative analysis of social network data proposed by 
(Agusriandi et al., 2020; Peruta & Shields, 2017; Pilař et al., 2021; Stieglitz et al., 2018; Surya Gunawan et al., 2020) 
was performed establishing four phases: 1) Sample selection and data collection, 2) Data preprocessing, 3) 
Application of methods and techniques, and 4) Visualization and Analysis of results. Fig 2 displays the adapted 
methodology. Each of the phases is explained in further detail in the following sections.  

 
A research question was posed as a guide for the study: What is the content type that helps to increase interactivity 
of users interest in scientific dissemination and scientific work? 

 

Fig 2. Methodology adapted from Peruta & Shields (2017); Stieglitz et al. (2018); Agusriandi et al. (2020); Surya 
Gunawan et al. (2020); Pilař et al. (2021). 
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3.1 Phase 1 - data sampling and data collection 

The case study approach was adopted for Mujeres en la Investigación - UABC Facebook’s fan page 
(www.facebook.com/mujeresinvestigacion) managed by the community-university program of a Higher Education 
Institution. Since 2013, this fan page shares institutional information and results of scientific research activities carried 
out with the participation of 11 female researchers from the areas of Engineering Physics, Chemistry and 
Environment. To date, the fan page has a total of 1,570 followers and its publications have accumulated 1,393 likes.  

The strategy defined for a two years period was that the selection of the extracted data would be a series of scientific 
demonstration and dissemination events in an online format, organized and published through this fan page. The 
data were generated between January 1, 2021 and December 31, 2022, corresponding to 345 posts. Taking into 
account that the number of likes, comments, and shares continuously changes in the publications, an update of the 
data sample was performed as of May 30 to have the most recent number of reactions, comments, clicks, and shares 
in the same 345 publications. Authors Agusriandi et al., (2020) and Niciporuc (2014) recommend allowing a period 
for users to reflect on the content after it has been posted. It was decided that one month after the last publication 
should be sufficient, since most reactions are often received within the first 48 hours. The result of this phase 
generated an XLSX or CSV document. 

 

3.2 Phase 2 - data preprocessing  

The calculation of User Engagement (E) of each publication was performed using the formula proposed by Jayasingh 
(Bonsón & Ratkai, 2013; Oviedo-García et al., 2014). 

 

 

User Engagement results were placed as a new variable to analyze the User Engagement index of the followers 
towards the fan page. Subsequently, the processes of cleaning and imputation of missing data were performed.  
When applying statistical techniques, a preliminary analysis was performed to verify the normality distributions and 
homogeneity of variance in the sample with a Kolmogorov-Smirnov test. SPSS and RStudio tools were used to 
support the results processing and graphic visualization. 

 

3.3 Phase 3 - apply methods and techniques 

The main analysis included descriptive statistics of publications in general and type of content, and a nonparametric 
chi-square analysis. A chi-square analysis was chosen because there is a set of variables, where both the dependent 
and independent variables are categorical. An analysis of the variables was carried out by means of a Spearman's 
Rank correlation coefficient, with the intention of creating a proposed multiple regression model to explain the 
dependent variable (User Engagement). Section IV presents the results of phase 4.  

4. Results and discussion 

Sample initial exploration included characterizing the set of followers of the fan page. Although the content generated 
on that page is from women Figure 3 presents the 1,532 followers, 90% belong to locations in Mexico, where 83% 
correspond to women in the age range between 25 - 50 years and 17% of male followers distributed between 25 - 
45 years mostly. The followers distribution is understandable due to the fan page objective which is to position the 
diffusion of scientific content created by women researchers. 

𝐸 =  
𝑁𝑅+5𝑁𝐶+10𝑁𝑆  

𝑁𝐿𝑖𝑘𝑒𝑠 𝑓𝑎𝑛𝑝𝑎𝑔𝑒
0.8                    (2) 
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Fig 3. Age distribution of fan page followers. 

Over the 24 months period from January 2021 to December 2022, the sample recorded a total of 345 posts. Table 
2 shows the distribution of three quantitative metrics selected and extracted from the dataset: number of comments, 
number of reactions, and number of times a post was shared, separated by months of each year. Focusing on all-
User Engagement metrics, there were an increase. This means that reactions increased by 951.5%, comments by 
1528.9% and shares by 425.8%. The 3rd month (March 2022) shown the greater interactivity. This was due to the 
realization of an event in live streaming to dissemination science with 7289 interactions in posts, unlike March 2021 
with 93 interactions. Among the most interesting findings is that in 2021, 7th month was the one that had the most 
interactions with a single publication made. Month 4 in both years maintained similar interactivity, since there are 
activities carried out by the fan page every year. In most months increase is observed, but there are particular cases 
where a decrease was observed, such as months 9, 10 and 11 of the year 2022. 

 
Table 2. Distribution of reactions, comments and shares extracted from the dataset. 

Five different categories of posts were identified: 1) Video, 2) Photo, 3) Link, 4) Live video, and 5) Text. Table 3 
describes the distribution of posts according to the categories created. Looking more in depth at the different 
categories, significant findings emerge: In 2021, the month with the highest number of interactions (Table 2) was 
July, but it only had one Photo-type publication. In the case of the year 2022, the concentration of more interactions 
is in March, where about 85% of the posts were elements of the photo category. In Fig 4 it was identified that the 
number of Text-type posts decreased considerably. Video-type posts also decreased, but links to other external 
elements increased. Posts with photos remained constant. It is separated per month with the purpose of visualizing 
the behavior of the sets of categories in an ordered way. Table III compares the results of both years separated by 
month. The difference between the values can be observed, standing out the first six months of the year 2022. It was 
calculated with both formulas in the two periods and they were compared between them. In general, if there is an 
increase from one year to the next, regardless of the formula. In month eleven there is a decrease only in engagement 
on Facebook. As there are more interactions, more User Engagement is generated. It can be seen that in 2021 the 

2021 2022 

Month 
Metrics 

Month 
Metrics 

Reactions Comments Share Reactions Comments Share 

1 29 0 11 1 771 165 59 

2 61 2 17 2 472 56 57 

3 79 2 12 3 5996 994 299 

4 254 25 52 4 393 507 71 

5 48 1 2 5 122 181 11 

6 7 0 1 6 373 415 4 

7 252 103 23 7 30 1 2 

8 0 0 0 8 43 1 0 

9 40 1 0 9 22 1 5 

10 7 1 0 10 11 2 0 

11 83 16 2 11 7 0 2 

12 8 1 0 12 19 1 1 

TOTAL 868 152 120 TOTAL 8259 2324 511 
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Engagement with the formula, as calculated by Facebook, is higher than that obtained with the 2022 posts. In month 
8 of 2021, the publications had no interactions, impacting User Engagement. While month 7 obtained the highest 
value in this period. 

 

 

Table 3 Percetage of post with the categories. 

 

 

Table 4. Comparison of the two years between the formulas by month 

 

Table 5 allowed us to observe the correlations between the different categories extracted from the data set. This 
helped to verify the relationship between content type and period of time as related variables, where the incidence is 
visible in the elements of type photo. Also, in Table 5 we can see that in the calculation of the User Engagement with 
formula proposed by Jayasigh (2019) and Facebook. The Text-type contents would be the ones that have the least 
influence; while Video content and Links generate a medium impact on the relationship.   

 

Table 5. Comparison of correlations by categories 

 

2021 2022 

Month 
Categories 

Month 
Categories 

1 2 3 4 5 1 2 3 4 5 

1 6.66 7.76 17.65 4.17 0 1 0 14.73 15.79 0 0 

2 13.33 24.14 29.41 29.17 16.67 2 0 11.63 15.79 25.00 0 

3 6.66 12.93 23.53 8.33 16.67 3 40 48.84 15.79 12.50 25 

4 46.66 17.24 11.76 29.17 0 4 0 7.75 10.53 25.00 25 

5 13.33 12.07 5.88 16.67 0 5 20 5.43 5.26 37.50 25 

6 6.66 1.72 5.88 0 0 6 20 3.88 5.26 0 0 

7 0 0.86 0 0 0 7 0 0.78 10.53 0 0 

8 0 0 0 0 16.67 8 0 1.55 0 0 0 

9 0 8.62 5.88 4.17 0 9 0 1.55 5.26 0 0 

10 6.66 4.31 0 4.17 0 10 0 0.78 10.53 0 25 

11 0 7.76 0 4.17 33.33 11 0 1.55 0 0 0 

12 0 2.59 0 0 16.67 12 20 1.55 5.26 0 0 

 

Month 
Engagement 2021 Engagement 2022  

Facebook Jayasigh Facebook Jayasigh 

1 2.8571 2.9460 45.2272 29.4831 

2 2.3488 1.8079 29.25 19.6131 

3 3.2608 2.4640 102.662 58.3242 

4 9.1944 7.4097 64.7333 71.9644 

5 2.4285 1.0314 24.1538 25.9515 

6 2 1.2610 113.1429 105.4626 

7 378 295.8294 11 5.4398 

8 0 0 22 7.1212 

9 3.4166 1.1126 9.3333 7.6158 

10 1.1428 0.5086 3.25 1.5577 

11 6.3 3.1155 4.5 4.0057 

12 2.25 0.9643 5.25 2.5221 

 

 Categories 

User Engagement 
Formulas 

1) Video 2) Photo 3) Link 4) Live video 5) Text 

Facebook 0.41 0.78 0.42 0.47 0.16 

Jayasigh 0.33 0.77 0.32 0.48 0.21 
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When making a cluster with a total of posts that were made distributed by the various calculations of the implemented 
equations. Fig 5 distributes the posts from lowest to highest User Engagement with both formulas. By the elbow 
method it will be reduced that the appropriate number of groups is three. The first group (blue) corresponds to 
publications that are low due to interactivity and for consequence have poor User Engagement. Group two (green) 
has the publications with a commitment between 100 and 300. Finally, group three (red) represents the publications 
with a commitment greater than 300 due have more interactivity. It can be seen in the graph that there is a greater 
concentration of publications in group one, denoting that most of the commitment in the publications does not have 
the expected response. It is important to mention that group two contains the publications corresponding to a scientific 
dissemination event. In a more detailed analysis of the publications, Fig 6 provides that the clusters identified are the 
same as those obtained in the previous analysis; i.e., group 1 of the graph in Fig 5 is the same group 1 in Fig 6. 

 
Fig 5. User Engagement with both formulas 

 

Fig 6. User Engagement clustering with both formulas 

 

A visualization of the groups can be made over the space of the first two principal components. The first cluster 
explains the elements that Jayasigh (2019) formula and the one provided by Facebook have low interaction and 
therefore little User Engagement. In the second, we have a User Engagement of 100 to 300 from Facebook, but with 
the Jayasigh proposal at 50. From the data set obtained for the fan page behaviour, the variables that were used to 
be classified per type and number of interactions in the calculation of User Engagement were selected. Therefore, it 
is inferred that the greater interactions and depends content type, the value User Engagement is affected. 

Applied qualitative analysis in unstructured data, relationships and groups are extracted that allowed us to take 
advantage not only of the descriptions obtained but also of the relationships and rules. In this way, qualitative 
analysis supports the identification of various types of relationships within data interactivity in the Facebook social 
network. A regression model analysis was performed taking into account interactions and content type as 
independent variables, resulting in a multiple linear regression model to predict User Engagement, and is defined 
as follows:  
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The regression model defined (equation 3) obtained a coefficient of multiple determination (R²) of 0.59 of influence 
of the independent variables (p-value of 2.2e-16). The equation shows that User Engagement is highly influenced by 
the video type content, no matter if it's live or not. It also indicates that User Engagement decreases for each photo 
or text content type tends. This is considered highly representative and allows interpreting User Engagement in future 
publications based on content type and number of interactions. In calculating the value of User Engagement, a fan 
page with consistency in ranges of User Engagement in its posts is considered to have engaged users (Ballesteros 
Herencia, 2018). The regression model allowed an interpretation of the impact of the categories by type of content. 
This is considered highly representative and allows predicting User Engagement in future publications based on 
content type 

5. Conclusions and future work 

It was possible to create scientific outreach strategies for increasing the visibility of scientific content and improve 
interest of the educational community, taking advantage of Facebook’s versatility. In this work, it is mostly highlighted 
the User Engagement formula for obtaining metrics of great value because it includes the visualization of content 
and the interactivity that users have on the Facebook fan page. It is also relevant that there is a positive correlation 
between the User Engagement a publication receives and the content type, especially in scientific videos created by 
the case study fan page.  

In the analysis and visualization of the variables of each post, clustering was also applied as a data mining technique, 
demonstrating that self-produced content provides a higher Engagement. And finally, a regression model was 
establish to User Engagement percentage of a sample of posts about scientific dissemination on a Facebook fan 
page. The creation of new models for the interpretation of Facebook variables resulted in a proprietary multiple linear 
regression model that allows to identify User Engagement based on the different categories in each post. 

Consequently, it is advisable to use qualitative analysis of Facebook data, methodologies for social network data 
analysis, and a linear regression model as strategic tools to improve the practices of creation and dissemination of 
content focused on Science and Engineering topics. In order to highlight the importance of this research an adequate 
treatment and analysis for social network data, was determined by the type of followers and consumption of the posts 
created.  

As future work, these results will be used to conduct more comparative studies under different periods, where better 
practices are applied in the posts of fan pages and groups of different undergraduate programs contents and, through 
these tests, the different user behaviors will be analyzed providing data that generalizes the possibilities of Facebook 
in Higher Education. 
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