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ABSTRACT 

 

The impact of universities on social networks has been widely studied, especially on Facebook 

and Twitter. However, there is a clear lack of research on YouTube, despite an overwhelming 

presence of universities on this online video platform. The objective of this work is to analyse 

similarities in the dynamics of views and likes between the YouTube channel of a university, 

Polytechnic University of Valencia (UPV), and an educational channel, the saurabhschool [25]. 

This is the first work that analyzes the dynamics of online video impact of a university on 

YouTube, which are subsequently compared to those of an educational channel to find common 

patterns. The times series of views and likes are obtained for both channels, their seasonal 

components are calculated and compared. Observation is subsequently supported by an analysis 

of correlations and the Euclidean distance. Results suggest that the video impact dynamics of a 

university channel behave similarly to those of an educational channel. These results can help 

universities anticipate the behavior pattern of their videos in order to maximize the impact of 

their content through YouTube. 
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1. INTRODUCTION 

 

Online video allows universities and other higher education entities to disseminate their 

audiovisual contents to their students and to society in general. YouTube's success as a leading 

global platform for video sharing offers educational institutions a new sphere of activity. With 

more than 2 billion users, consuming more than 1 billion hours of video daily [38], YouTube 

has become the second most visited website in the world after Google [2], the second most 

popular social network after Facebook [27] and the world's leading video-sharing platform. For 

this reason, it offers users outstanding possibilities of promotion and content diffusion. 

Audiovisual content on YouTube is easily accessible to all kinds of users around the world, 

which can therefore go viral [10; 31]. This allows universities to promote themselves globally 

in a context of increasing competition. As a result, university managers have identified the 

opportunities that YouTube offers as a free access broadcast channel with global impact and, 

thus, the number of university institutional accounts created on YouTube and the number of 

videos available on them has grown exponentially in recent years. Universities use YouTube to 

disseminate promotional and marketing content [23], to consolidate their image and activate 

communication with their academic community [11], as well as to disseminate knowledge, 

increase the visibility and generation of a brand image [16] and, hence, expand the outreach of 

their academic offer [20]. Thus, 433 out of the 500 most prestigious universities according to 

the ARWU ranking (2018) [1, 18] and 368 out of the first 400 universities in the QS rank [33] 

have YouTube accounts. It is furthermore to be highlighted that some of these accounts were 

created only a few weeks after the platform was launched in the early 2005, as is the case of 

Case Western Reserve University or Harvard University. 

The success of universities on YouTube has been evaluated through different measures such as 

likes, comments, shares, uploads [14, 30], the proportion of likes and dislikes [29] or the H1000 

index [12, 18]. However, the most common and accepted measures of impact are the number 
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of views [6, 36] and the number of likes [17]. These two measures are considered relevant 

components of online audience engagement [9, 14, 30], a main driver of content producer´s 

interest on social media [5] which can be regarded as the interactivity among users and media 

[8, 14, 15]. 

Despite the existing literature on the success of educational videos on YouTube [13, 26, 28, 

34], as well as scientific videos [21, 32, 35], the impact of universities on YouTube is in the 

early stages of research. In line with this, the evolution of the number of views over time is a 

topic of growing interest [4], and some works [3, 25] address the analysis of the dynamics of 

the impact of online video on an educational YouTube channel. However, despite the increasing 

importance and resources that universities devote to YouTube, there is no scientific evidence 

that has analysed the dynamics of the impact variables of online video from universities; which 

can affect the understanding of the behaviour patterns of the online impact of university video 

and decision making. 

We believe that it is necessary to unveil the dynamics of university online video impact and, 

therefore, our work aims to fill this gap in the literature by characterizing the evolution of the 

channel of a Spanish university with a strong presence on YouTube and comparing it with the 

behavior pattern of a successful educational channel. Thus, we ask ourselves the following 

research question: 

RQ1: Are the dynamics of university online video impact similar to that of an educational 

channel? 

On the other hand, despite the lack of research on the behavior of the impact of online video 

from universities, there exists a few seminal efforts to describe the behavioural pattern of the 

online video of educational channels [3, 25]. Results show that the evolution of the impact of 

online video is strongly characterized by a seasonal component. We consider it relevant, in turn, 
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to delve into the seasonal aspect of the impact of online video on university channels and, 

therefore, the following research question is proposed: 

RQ2: Are there similarities in the seasonal pattern of the evolution of the impact of online video 

from a university and that of an educational channel? 

2. METODOLOGY 

 

Regarding the measures utilised in the study, the variables views and likes are chosen to analyse 

the impact of online video as they are the most widely accepted in the literature [6, 36]. 

Once the variables have been selected, data on the evolution of the number of views and likes 

of the institutional channel of the Polytechnic University of Valencia (UPV) on YouTube have 

been obtained. With more than 50 million views, this is the leading university in Spain by 

number of views in this platform. For our analysis, we obtained the data on the evolution of the 

variables from April 03, 2012 to October 13, 2017. This time span coincides the data provided 

for the educational channel saurabhschool [24]. As a result, data for a period of more than 5 

years –namely 2020 days– are collected. 

In order to answer the first research question, the evolution of both variables are graphically 

represented for both channels. This enables the visual verification of the possible similarities in 

the timely evolution of these two variables in the two channels. Subsequently, in order to 

statistically corroborate the possible similarities between the series, the Pearson's correlation 

coefficient between the series generated by both channels is calculated firstly for the variable 

views and, subsequently, for the variable likes. Finally, the Euclidean distance between the 

series of both channels is calculated for each variable in order to compare the degree of 

similarities in the evolution of the two variables. The Euclidean distance is calculated as the 

square root of the sum of the squares of the distances between the values that the variable takes 

for each of the channels at a specific moment. 
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In relation to the second research question, we draw on the STL –Seasonal Trend decomposition 

using LOESS– Method [7] to decompose and extract the trend and seasonal components of both 

variables´ time series, both for the UPV and the educational channels. In order to analyse 

whether the temporal evolution of the variables follows a similar seasonal pattern for both 

channels, we repeat the previous steps with the values of the seasonal component of the two 

variables: firstly, the graphic depiction of the seasonal component evolution of the two channels 

for each variable; secondly, calculation of the Pearson correlation coefficient between the series 

that generate the seasonal component of both channels for each variable; Finally, a comparison 

of the Euclidean distance between the series generated by the seasonal component of each 

channel for the two variables. 

3. RESULTS 

 

3.1. Comparison of the observed time series 

 

In this section we firstly describe the observed time series of views and likes for both channels. 

Regarding the evolution of the number of views, as observed in Figure 1, both time series follow 

an increasing trend, starting with a reduced number of views that has progressively increased 

over time. Thus, the views of the UPV have increased from 4359 daily views at the beginning 

of the series to 24601 corresponding to the last observation. Similarly, saurabhschool´s views 

have grown from 7 to 5404 in the same period. 

[INSERT FIGURE 1 HERE] 

The depicted time series also show peaks and valleys following similar patterns among them, 

which suggest similarities in their seasonality. In particular, regarding the number views, two 

yearly periods can be observed in both series in which the variable experience steep decreases. 

In relation to the evolution of the number of likes, as shown in Figure 2, an increasing trend is 

also depicted which is probably related to the increase in the number of views over time. In the 
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same way as with the number of views, peaks and valleys can be observed in the number of 

likes at specific times, although greater variability is observed in the data. 

[INSERT FIGURE 2 HERE] 

On the other hand, the correlation coefficients of views and likes are both positive and very 

similar, with values of 0.554 and 0.494, respectively; both with a significance level of 99%. 

These results allow us to statistically corroborate the similarity in the evolution of both 

channels. 

Finally, to compare the degree of similarity between views and likes of both channels, the 

Euclidean distance between these series is calculated. Among the possible methods to calculate 

distances between time series –e.g., Manhattan, Chebyshev–, we choose the Euclidean distance 

method as it is adequate to evaluate one-to-one mappings of pairs of sequences, providing 

satisfactory results when comparing the profile of the series observation by observation [19]. 

This allows us to compare the evolution of each pair of time series quantifying the gap between 

them. Additionally, the measure is easy to compute and interpret and has been applied to the 

analysis of social media and, in particular, of YouTube [22, 37]. In order for the Euclidean 

distance for both metrics and channels to be comparable in magnitude, the series are rescaled 

by matching the maximum of each of them with the unit. Once calculated, it is observed that 

the degree of similarity between views of both channels measured through the Euclidean 

distance (51.94) shows values very close to the degree of similarity of likes (51.98). The little 

difference between the Euclidean distances allows us to affirm that the degree of similarity in 

the dynamics of views of both channels is comparable to the degree of similarity in the evolution 

of likes. 
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3.2. Comparison of the time series seasonal component 

 

In this section, the seasonal component of the time series of both views and likes is compared. 

Visual observation shows coincidences in the seasonal pattern of both time series. Thus, with 

regard to views (Figure 3), an increase beginning after the summer period can be observed, 

which is parallel to the beginning of the first semester. The increase ends in the month of 

December, at the end of the academic semester, when the non-school period begins. Then, a 

new rise is observed from January until the month of June, coinciding with the second semester. 

[INSERT FIGURE 3 HERE] 

As for the variable likes (Figure 4), the parallelism in the seasonal pattern of these series is not 

as pronounced as in the prior results. Nevertheless, as in the case of views, it can be observed 

that values increase as from summer, followed by declines at the end of the year. As observed 

in the graph, these declines take place previously in the case of the university channel (UPV) 

compared to the educational channel (saurabhschool). 

In line with the graphic analysis, the correlation coefficient of the likes seasonal component 

(0.214) is somewhat lower than that of views (0.490), although both are positive and significant 

at 99% significance-level. As in the previous case, these results corroborate the positive 

relationship of the temporal evolution of the seasonal component of both channels for each 

variable. Finally, the Euclidean distance between the series, once rescaled setting its maximum 

at 1, is 192.9 for views and 295.4 for likes. This reinforces the finding of a greater similarity in 

the seasonal dynamics of the number of views than in that of likes. 

[INSERT FIGURE 4 HERE] 

4. CONCLUSIONS, LIMITATIONS AND FUTURE RESEARCH 

 

The present study introduces two research questions related to the similarity in the impact and 

the seasonality between the time series of a university and an educational channel on YouTube. 
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Regarding the first research question, the different methodologies applied allow us to 

corroborate the existence of similarities in the evolution of the number of views and the number 

of likes between a university channel and an educational channel, suggesting that both channels 

follow similar behavioral patterns. In fact, based on the observed time series, the differences 

between the channels for the two variables are minimal. Regarding the second research 

question, we also found similarities in seasonality between the two channels considered. 

Seasonality chiefly follows the evolution of the academic semesters. Additionally, the seasonal 

component of the views time series shows greater similarities between the channels than that 

of likes. 

These results have implications for managers of university channels since they can anticipate 

in which periods the videos generate the highest impact. Because a university channel features 

not only teaching videos but also institutional ones, this work lays some foundations to delve 

into the role that institutional videos play in the impact of university channels, and the patterns 

of impact generation of these videos. 

Finally, this work presents some limitations that deserve attention. On the one hand, the analysis 

is focused on the dynamics of two variables, views and likes. Hence, it would be interesting to 

extend the study to of other variables of success on YouTube, such as the evolution of the 

number of comments or subscribers. On the other hand, this research focuses on a single 

university and an educational channel and, thus, the generalization of results to universities in 

general must be done with caution. Future research should consider a broader sample of 

channels in order to find out whether the behaviours in the impact metrics follow similar 

patterns. 

 

 



9 

REFERENCES 

  

1. Academic Ranking of World Universities ARWU (2018). 

http://www.shanghairanking.com/ARWU2018.html. Accessed 12 November 2019 

2. Alexa Internet Inc (2019) Top sites. http://www.alexa.com/topsites. Accessed 23 

September 2019 

3. Arroyo-Barrigüete JL, López-Sánchez JI, Minguela-Rata B, et al (2019) Use patterns of 

educational videos: a quantitative study among university students. WPOM-Working 

Papers on Operations Management 10:1–19. 

https://doi.org/10.4995/wpom.v10i2.12625 

4. Bärtl M (2018) YouTube channels, uploads and views: A statistical analysis of the past 

10 years. Convergence 24:16–32. https://doi.org/10.1177/1354856517736979 

5. Beckers SFM, van Doorn J, Verhoef PC (2018) Good, better, engaged? The effect of 

company-initiated customer engagement behavior on shareholder value. J. of the Acad. 

Mark. Sci 46:366–383. https://doi.org/10.1007/s11747-017-0539-4 

6. Borghol Y, Mitra S, Ardon S, et al (2011) Characterizing and modelling popularity of 

user-generated videos. Performance Evaluation 68:1037–1055. 

https://doi.org/10.1016/j.peva.2011.07.008 

7. Cleveland RB, Cleveland WS, McRae, et al (1990) STL: A seasonal-trend 

decomposition. Journal of Official Statistics 6:3–73 

8. Djerf-Pierre M, Lindgren M, Budinski MA (2019) The role of journalism on YouTube: 

audience engagement with "Superbug" reporting. Media and Communication: 7:235–

247. https://doi.org/10.17645/mac.v7i1.1758 

https://doi.org/10.1007/s11747-017-0539-4
https://hangouts.google.com/_/elUi/chat-redirect?dest=https%3A%2F%2Fdoi.org%2F10.17645%2Fmac.v7i1.1758


10 

9. Eigenraam AW, Eelen J, Lin AV, et al (2018) A consumer-based taxonomy of digital 

consumer engagement Practices. Journal of Interactive Marketing 44:102–121. 

https://doi.org/10.1016/j.intmar.2018.07.002 

10. Feroz Khan G, Vong S (2014) Virality over YouTube: an empirical analysis. Internet 

Research 24:629–647. https://doi.org/10.1108/IntR-05-2013-0085 

11. Guzmán AP, Moral MED (2014) Tendencias de uso de YouTube: optimizando la 

comunicación estratégica de las universidades iberoamericanas. Observatorio (OBS*) 

8:69–94. https://doi.org/10.15847/obsOBS812014745 

12. Hovden R (2013) Bibliometrics for Internet media: Applying the h-index to YouTube. 

J Assoc Inf Sci Technol 64:2326–2331. https://doi.org/10.1002/asi.22936 

13. Hove P ten, Meij H van der (2015) Like It or Not. What Characterizes YouTube’s More 

Popular Instructional Videos? Tech Commun 62:48–62 

14. Khan, ML (2017) Social media engagement: What motivates user participation and 

consumption on YouTube? Computers in Human Behavior 66:236–247. 

https://doi.org/10.1016/j.chb.2016.09.024 

15. Ksiazek TB, Peer L, Lessard K (2016) User engagement with online news: 

Conceptualizing interactivity and exploring the relationship between online news videos 

and user comments. New media & society 18:502–520. 

https://doi.org/10.1177/1461444814545073 

16. Martín-González Y, Llarena RS (2017) Universidades españolas en Youtube : gestión 

de canales institucionales y de sus contenidos. Cuadernos de Documentación 

Multimedia 28:147–169. https://doi.org/10.5209/CDMU.57970 

https://doi.org/10.1016/j.intmar.2018.07.002


11 

17. Meseguer-Martinez A, Ros-Galvez A, Rosa-Garcia A (2017) Satisfaction with online 

teaching videos: A quantitative approach. Innovations in Education and Teaching 

International 54:62–67. https://doi.org/10.1080/14703297.2016.1143859 

18. Meseguer-Martinez A, Ros-Galvez A, Rosa-Garcia A (2019) Linking YouTube and 

university rankings: Research performance as predictor of online video impact. 

Telematics and Informatics 43:101264. https://doi.org/10.1016/j.tele.2019.101264 

19. Montero P, Vilar JA (2014) TSclust: An R package for time series clustering. Journal 

of Statistical Software 62:1–43. 

20. Mwenda AB, Sullivan M, Grand A (2019) How do Australian universities market 

STEM courses in YouTube videos? Journal of Marketing for Higher Education 29:191–

208. https://doi.org/10.1080/08841241.2019.1633004 

21. Pan X, Yan E, Hua W (2016) Science Communication and Dissemination in Different 

Cultures: An Analysis of the Audience for TED Videos in China and Abroad. J Assn 

Inf Sci Tec 67:1473–1486. https://doi.org/10.1002/asi.23461 

22. Paolillo JC (2008) Structure and Network in the YouTube Core. Proceedings of the 41st 

Annual Hawaii International Conference on System Sciences (HICSS 2008). Waikoloa, 

HI, pp 156–156. https://doi.org/10.1109/HICSS.2008.415 

23. Pham HH, Farrell K, Vu HM, Vuong QH (2017) Using YouTube videos to promote 

universities: a content analysis. Technics Technologies Education Management 12:58–

72 

24. Saurabh S (2018) Data for: Modelling and Statistical Analysis of YouTube's 

Educational Videos: A Channel Owner's Perspective. Mendeley Data, v1. Accessed 07 

June 2019 

https://doi.org/10.1080/08841241.2019.1633004
https://doi.org/10.1002/asi.23461


12 

25. Saurabh S, Gautam S (2019) Modelling and statistical analysis of YouTube’s 

educational videos: A channel Owner’s perspective. Computers & Education 128:145–

158. https://doi.org/10.1016/j.compedu.2018.09.003 

26. Shoufan A (2019) What motivates university students to like or dislike an educational 

online video? A sentimental framework. Computers & Education 134:132–144. 

https://doi.org/10.1016/j.compedu.2019.02.008 

27. Statista (2019) Most popular social networks worldwide as of October 2019, ranked by 

number of active users (in millions). https://www.statista.com/statistics/272014/global-

social-networks-ranked-by-number-of-users/ Accessed 22 November 2019 

28. Sugimoto CR, Thelwall M (2013) Scholars on soap boxes: Science communication and 

dissemination in TED videos. J Am Soc Inf Sci Tec 64:663–674. 

https://doi.org/10.1002/asi.22764 

29. Sugimoto CR, Thelwall M, Larivière V, et al (2013) Scientists Popularizing Science: 

Characteristics and Impact of TED Talk Presenters. PLoS ONE 8:e62403. 

https://doi.org/10.1371/journal.pone.0062403 

30. Tafesse W (2020) YouTube marketing: how marketers' video optimization practices 

influence video views. Internet Research 30:1689-1707. https://doi.org/10.1108/INTR-

10-2019-0406 

31. Tellis GJ, MacInnis DJ, Tirunillai S, et al (2019) What drives virality (sharing) of online 

digital content? The critical role of information, emotion, and brand prominence. 

Journal of Marketing 83:1–20. https://doi.org/10.1177/0022242919841034 

32. Thelwall M, Mas-Bleda A (2018) YouTube science channel video presenters and 

comments: female friendly or vestiges of sexism? Aslib Journal of Info Mgmt 70:28–

46. https://doi.org/10.1108/AJIM-09-2017-0204 



13 

33. Valerio-Ureña G, Herrera-Murillo D, Madero-Gómez S (2020) Analysis of the Presence 

of Most Best-Ranked Universities on Social Networking Sites. Informatics 7: 9. 

https://doi.org/10.3390/informatics7010009 

34. Veletsianos G, Kimmons R, Larsen R, et al (2018) Public comment sentiment on 

educational videos: Understanding the effects of presenter gender, video format, 

threading, and moderation on YouTube TED talk comments. PLOS ONE 13:e0197331. 

https://doi.org/10.1371/journal.pone.0197331 

35. Welbourne DJ, Grant WJ (2016) Science communication on YouTube: Factors that 

affect channel and video popularity. Public Underst Sci 25:706–718. 

https://doi.org/10.1177/0963662515572068 

36. Xiao C, Xue Y, Li Z, et al (2015) Measuring User Influence Based on Multiple Metrics 

on YouTube. In: 2015 Seventh International Symposium on Parallel Architectures, 

Algorithms and Programming (PAAP). IEEE, Nanjing, China, pp 177–182 

37. Xu WW, Park JY, Park HW (2017) Longitudinal dynamics of the cultural diffusion of 

Kpop on YouTube. Quality & Quantity 51:1859–1875. https://doi.org/10.1007/s11135-

016-0371-9 

38. YouTube (2020) Cifras sobre YouTube. https://www.youtube.com/about/press/ 

Accessed 15 January 2020 

 

 

 

 

 



14 

Figures 
 

Figure 1. Observed time series (views) 

 
Source: own ellaboration. 

 

 

Figure 2. Observed time series (likes) 

 
Source: own ellaboration. 
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Figure 3. Stational component of the time series (views) 

 
Source: own ellaboration. 

 

 

Figure 4. Stational component of the time series (likes) 

 
Source: own ellaboration. 

 


