An Analysis for Improving Serendipity in Academic YouTube Video Recommendations 

Abstract

YouTube is known as one of the largest online video repositories and is used in many domains. However, even though it is commonly used for educational purposes, the aims of an educator and YouTube may not coincide. The educator wants learners to watch only what is needed and proceed to their practical work. YouTube, on the other hand, focuses on maximizing revenue. Therefore, videos with low popularity are generally not being recommended. Such low-popularity videos may actually be helpful to the learner had they been recommended. This is known as serendipity or long-tail recommendation. This paper aims to first understand how serendipitous YouTube recommendations are. Second, to analyze how sentiment polarity affects recommendations. Third, to provide a clustering and video recommendation as an alternative to YouTube recommendations, focusing on learning. The result of this research shows that, first, YouTube recommendations lack serendipity but include sentiment along with other factors. Second, the sentiment polarity has an effect on serendipity. The exclusion of dislike counts would make the recommendation favor view counts. The inclusion of dislike counts increases the serendipity factor in the recommendation list. Third, the research utilizes k-means for video clustering with like-to-dislike ratios. This feature recommends more serendipitous videos than the default YouTube recommendation. These results improve academic video recommendations on YouTube. 

Keywords K-Means; Serendipity; Sentiment; Recommender System; Clustering

Introduction

YouTube and recommender systems have been used in various applications. Recommender systems aim to reduce information overload by suggesting only the most relevant content to the users. For educational content, the creators of recommender systems mainly use private repositories as the source of their videos (Cabada, Estrada, Hernández, et al., 2018). While private repositories may be excellent as they are created by experts in tertiary institutions, students who have different levels of existing knowledge often require simpler explanations to fortify their understanding. For this, YouTube is a good source. Learners could search for YouTube videos on their own (Kadriu, Abazi-Bexheti, Abazi-alili, et al., 2020), or the learning management system (LMS) could incorporate them directly (Staziaki, Santo, Skobodzinski, et al., 2021). The recommendations in LMS are normally made via either collaborative filtering (CF) (Cabada, et al., 2018), item-based (Jeong, Sohn, & Kwon, 2019), or hybrid (Yang, Xu, Wang, et al., 2018). While CF has its advantages, it comes with its own weaknesses, namely the cold-start problem, and lack of serendipity or surprise factor in its suggestions (Yang, et al., 2018). Serendipity, also known as the surprise factor, involves lesser-known videos that could interest users (Fan, & Niu, 2018). Hybrid recommendation techniques can tackle these problems, and serendipity improves the recommendation results (Yang, et al., 2018). Studies that utilize YouTube normally follow YouTube recommendations (Kadriu, et al., 2020; Staziaki, et al., 2021). However, YouTube recommendations YouTube cater for user stickiness, where the priority is to encourage users to watch as many videos as possible. This does not usually line up with academic goals. YouTube recommendations are normally skewed to popularity. Less popular videos are less likely to be recommended. This results in high numbers of serendipitous videos in the repository, waiting to be discovered. 
To test this assumption, a preliminary search was conducted on YouTube. Three phrases related to basic knowledge gathering were used: “Introduction to HTML”, “introduction to Python”, and “introduction to computer”. Search results on “introduction to html” reveal only 1 video with less than 1000 views, 1 video with between 1000 to 50,000 views, and only 1 video between 50,000 to 100,000 views out of the 12 results in the default setting. Similarly, searching for “introduction to Python” reveals no results from videos with fewer than 10,000 views. Only 2 videos between 10,000 to 100,000 views were recommended. Searching for “introduction to computer” yields similar results. While the results are relevant, it supports our assumption that YouTube is likely prioritizing videos that would most likely make users stay longer than those that have greater serendipity value. Searching for academic papers on Google Scholar for “YouTube” and “Academi* recommender system” yield low results, with only 20 articles and 1 review from Scopus and 1 article in WoS, that actually talked about academic recommender systems on YouTube when accessed on 10th September 2021.

This has become the motivation of this paper. First, even though the impact of YouTube in academia is humongous, there are not many publications on its utilization. Second, the default YouTube recommender does not favor serendipitous videos. This paper reports the results of our experimental method to increase the number of serendipitous academic video recommendations. Aside from serendipity, another factor that is normally taken into consideration is sentiment polarity (Kadriu, et al., 2020; Salazar, Aguilar, Monsalve-Pulido, et al., 2021). Sentiment polarity is reported to affect online interactions (Rosenbusch, Evans, & Zeelenberg, 2019; Salazar, et al., 2021), affect the viewers (Rosenbusch, et al., 2019) and shape their perception (Ray, Bala, & Jain, 2020; Rosenbusch, et al., 2019). As sentiment polarity plays a huge role in determining user acceptance, this paper tests the impact of positive and negative sentiments towards serendipitous video recommendations. This is also done in response to the decision of YouTube to hide the dislike count information on both their web query and API call function.

This paper starts with a theoretical background of YouTube implementation in academic recommender systems, and techniques to determine the order in alternative recommendations. Section 3 presents the methodology of the experiment to developing the alternative video recommendation list. Section 4 presents the findings of the experiment. Section 5 analyzes the results and section 6 presents the limitations, plans for future studies, and conclusion of this research.

Theoretical Background

YouTube Implementation in Academic Recommender Systems

YouTube videos have been used to convey information in many fields, for example, programming (Kadriu, et al., 2020). While YouTube houses a huge number of videos, educational content is less than other categories (Chelaru, Orellana-Rodriguez, & Altingovde, 2014). While content has grown tremendously since the aforementioned study, videos are still skewed to prioritizes the popular few. For better or for worse, YouTube recommendations may not be neutral (Abul-Fottouh, Song, & Gruzd, 2020; Alfano, Fard, Carter, et al. Klien, 2020; Gutiérrez-Martín, Torrego-González, & Vicente-Mariño, 2019; Tang, Fujimoto, Amith, et al, 2021; Tollon, 2021). Some studies show the recommendations focus on videos that would induce stickiness (Kaiser, & Rauchfleisch, 2020; Zhou, Khemmarat, Gao, et al., 2016). It is also difficult to break the recommendation ranking, even if the videos are made by an expert (Fernandez-Llatas, Traver, Borras-Morell, et al., 2017). Factors such as user preference, geographical location, and topics affect the recommendation (Kaiser, & Rauchfleisch, 2020; Zhou, et al., 2016). User satisfaction on recommended YouTube videos varies according to their purpose (Kaiser, & Rauchfleisch, 2020). In spite of these drawbacks, YouTube has been shown to assist learners by including their preferences and recommending related videos. This is reported in a study on the effectiveness of YouTube to disseminate information on dementia (Lam, & Woo, 2019). However, the study by Lam and Woo emphasizes video engagement and focuses only on video viewing, without including activities that learners need to conduct. In other words, to integrate YouTube in education, careful selection needs to be done if YouTube recommendations are to be included in an academic recommender system. This can be done via manual filtration by subject matter experts (Staziaki, et al., 2021) social features such as share rate (Chelaru, et al., 2014), hosting platform for tailored content made by experts (Moliner, Lorenzo-Valentin, & Alegre, 2021), or uploaded by experts (Dascalu, Antohe, Zegan, et al., 2021). Yen-Liang, & Chia Ling (2019) conducted a study to predict popularity of videos on YouTube. Although sentiment is frequently studied in social science, it is not prominent in the YouTube default prioritization.

Serendipity

Popular content does not play a significant role in determining user satisfaction (Jeong, et al., 2019). Jeong and his colleague (2019) highlighted that user satisfaction depends on the purpose of viewing and a variety of configurations in the recommender. One of the elements that could increase user satisfaction is by inclusion of serendipity. Saat, Noah, and Mohd (2018) conducted a study to explore implementation of serendipity in recommender systems. Liu, Qin, Ma, and Liang (2021), and Ziarani, and Ravanmehr, (2021) have also conducted reviews to define serendipity, its application, and methods of implementation. These reviews provide a basis to understand the concept of serendipity – videos that are lesser-known but useful to users. These reviews highlight that serendipity leads to exciting results, resulting in higher engagement, where users are emotionally affected by the recommendations (Saat, et al., 2018), or specifically calculated relatedness (Amal, Tsai, Brusilovsky, et al., 2019), interestingness, and unexpectedness in serendipitous recommendations (Huang, Ding, Wang, et al., 2018). It is important to note that not all benefit from serendipitous recommendation equally (Nguyen, Harper, Terveen, et al., 2018). Their research show how personality needs to be taken into consideration when deciding to include serendipity during recommendations. People with different level of introversion, conscientiousness, and openness react differently to serendipitous recommendations. These three traits are among the popular personality traits studied in psychology. In the same paper, Nguyen and his colleagues report that people with high emotional stability have a different rate of enjoyment of serendipitous recommendations from people with low emotional stability.

Sentiment

Sentiment is widely used in other domains (Ray, et al., 2020). However, its utilization in recommender systems for education is still limited (Salazar, et al., 2021). Salazar and his colleagues also report that implementation of emotions in educational recommender systems are lacking, with few studies, and most studies having small sample set. They report that emotions are important in learning and is well-studied. This is also supported by (Murthy, & Sharma, 2019), which shows that sentiment can pass from one video to related videos. The finding that sentiments transfer online is important, as it is shown that the sentiment of a user could affect others’ opinions (Rosenbusch, et al., 2019). As the sentiment of individuals could affect others, it would also affect the general acceptance of videos. The Rosenbusch (2019) finding is supported by Kaiser and Rauchfleisch (2020) which shows how sentiment significantly affect video recommendations for similar sets of users across US and Germany. Another study shows that the inclusion of sentiment results in better recommendations (Tomeo, Fernández-Tobías, Cantador, et al., 2017). However, when sentiment is used, it is mainly gathered during experimentation (Cabada, Estrada, Hernández, et al., 2018), and not during content recommendation (Salazar, et al, 2021).

Methodology

In order to increase the serendipitous videos in the video recommendation list, the like-to-dislike ratio is used as sentiment polarity. This feature is added to gauge the acceptance rate of the recommended videos. To increase the chances that the videos are related, interesting, and unexpected, the view count is taken as a second feature. The research is divided into two stages. The first stage is further divided to two steps. The first step gathers results from anonymous YouTube searches. The second step compares the results the first step with the results from an API call, where the identity of the searcher, along with historical viewing data is included during the search process. The second stage compares a recommended list of videos with a dislike count with a recommended list that does not take into account the dislike count. The purpose of the second stage is to see the significance of the dislike count in creating the order of recommended video. This is done in response to YouTube’s recent decision to remove the dislike count in both web and API call functions.

Stage 1 – step 1: Comparison of anonymous YouTube searches with API searches. How user preferences affect serendipity in YouTube searches.

In the first stage, the list of recommendations in an anonymous YouTube search is created by searching for three categories of educational videos related to basic Information Technology knowledge. The three search phrases are “introduction to HTML”, “introduction to Python”, and “introduction to computer”. The YouTube search page is accessed with Google Chrome in incognito mode to hide the identity of the searcher to remove any possible algorithm bias from individual preferences to affect the recommendation by YouTube. 
Search results on “introduction to HTML” reveals only 1 video with less than 1000 views, 1 video within 1000 to 50,000 views, and only 1 video within 50,000 to 100,000 views out of 12 results in the default setting (see fig.1 and lines 1-12 in table 2). Similarly, searching for “introduction to Python” reveals no results from videos that have less than 10,000 views. Only 2 videos between 10,000 to 100,000 views are recommended. A search on “introduction to computer” yields similar results. Other than these, the rest of the videos listed have more than 100,000 views. While the results are relevant, it supports the assumption that YouTube is likely prioritizing videos that would most likely make users spend more time on YouTube (Gutiérrez-Martín, et al., 2019) which in turn, translate to less emphasis on serendipity.  
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Fig. 1 Screenshot of “Introduction to HTML” search results

In the second step, an API call is used to generate the YouTube recommendations for “Introduction to HTML”. Since the API call requires an API key at minimum, and the API key is tied to the registered Google user account, it means the searcher’s information could affect the recommendations. Table 1 shows the results of the API call made. The results of the API call are then compared to the results from the anonymous YouTube search and the differences between the order of the recommended videos are highlighted (see table 2). In table 2, the video IDs from API call results from table 1 is compared to the video IDs that appear in the anonymous YouTube search. In the anonymous YouTube search, only 12 videos are recommended but 20 videos are used in the API call. This is because some of the top 12 results from the API call are not recommended in the anonymous YouTube search. The highlighted results show the different order of video appearances when anonymous, as compared to the order of videos when individual information exist in the API call. The search was conducted on Aug 2021 when the dislike count was still available both on web and API calls. The results of both API call and web search are similar in that only 1 video with less than 10,000 views is listed in the top 12. In the third stage, a custom recommendation list is generated based on the video description. 

	Table 1 API call return for “Introduction to HTML”.

	Order
	Video ID
	View Count
	Like Count
	Dislike Count
	Comment Count

	1
	qz0aGYrrlhU
	1540329
	44722
	591
	2196

	2
	UB1O30fR-EE
	5027626
	126428
	1247
	5556

	3
	WwNuvGLblJU
	106044
	4344
	55
	664

	4
	bWPMSSsVdPk
	4729228
	67471
	2074
	4351

	5
	BvJYXl2ywUE
	103559
	2228
	22
	81

	6
	pQN-pnXPaVg
	4094093
	107450
	1369
	4954

	7
	9p-YLfGWC68
	5057
	41
	20
	17

	8
	gT0Lh1eYk78
	841822
	11911
	254
	759

	9
	8JQaedsB2qI
	47814
	1261
	38
	74

	10
	hu-q2zYwEYs
	261686
	4926
	35
	216

	11
	kLO4X_3VYdg
	60661
	1313
	49
	62

	12
	NAEHbzXMNpA
	118345
	1697
	81
	90

	
	Y1BlT4_c_SU
	143745
	1830
	13
	50

	
	LGQuIIv2RVA
	49573
	1519
	4
	51

	
	fS7w-TXinPE
	1281581
	11128
	427
	1784

	
	x9bTBcron78
	318694
	5761
	297
	247

	
	DGVXXW6xEnc
	4920
	124
	0
	10

	
	g6Lfy1Y8oLo
	9354
	34
	2
	1

	
	BsDoLVMnmZs
	1826982
	70968
	1030
	10702

	
	MDLn5-zSQQI
	39132
	985
	28
	34




	Table 2 Differences between API call and anonymous Web Search results. Priority based on Web.

	Prori
	Video ID
	View Count
	Like Count
	Dislike Count
	Comment Count

	1
	qz0aGYrrlhU
	1540329
	44722
	591
	2196

	2
	UB1O30fR-EE
	5027626
	126428
	1247
	5556

	3
	BvJYXl2ywUE
	103559
	2228
	22
	81

	4
	pQN-pnXPaVg
	4094093
	107450
	1369
	4954

	5
	WwNuvGLblJU
	106044
	4344
	55
	664

	6
	bWPMSSsVdPk
	4729228
	67471
	2074
	4351

	7
	9p-YLfGWC68
	5057
	41
	20
	17

	8
	gT0Lh1eYk78
	841822
	11911
	254
	759

	9
	kLO4X_3VYdg
	60661
	1313
	49
	62

	10
	hu-q2zYwEYs
	261686
	4926
	35
	216

	11
	NAEHbzXMNpA
	118345
	1697
	81
	90

	12
	LGQuIIv2RVA
	49573
	1519
	4
	51

	
	8JQaedsB2qI
	47814
	1261
	38
	74

	
	Y1BlT4_c_SU
	143745
	1830
	13
	50

	
	fS7w-TXinPE
	1281581
	11128
	427
	1784

	
	x9bTBcron78
	318694
	5761
	297
	247

	
	DGVXXW6xEnc
	4920
	124
	0
	10

	
	g6Lfy1Y8oLo
	9354
	34
	2
	1

	
	BsDoLVMnmZs
	1826982
	70968
	1030
	10702

	
	MDLn5-zSQQI
	39132
	985
	28
	34



Stage 1 – Step 2: The impact of sentiment on YouTube recommendation for multiple educational IT related topics

To analyze the similarity between the YouTube search algorithm across various educational IT topics, the second stage begins with an API call for the three search terms, “introduction to HTML”, “introduction to Python”, and “introduction to computer”. The top 200 results from the API calls are then analyzed. The results are plotted as view count (VC) vs. like count (LC). The results shows that the data is skewed, with most of the videos ending up in the lower left quadrant. The relevancy of the results after the first 50 videos are mixed, and not all are relevant to the topic during a random check of videos after the first 50 results. However, the YouTube recommendation heavily favor only at most 1/5th of the relevant videos. The other videos end up never appearing in YouTube recommendations, and only the few videos that gain large view counts and like counts end up being recommended (see fig.2 – fig. 4). As a result, there are many videos that may potentially excite the viewer but are hidden due to viewer preferences and the YouTube algorithm.

The second stage takes a collection of three weeks of daily snapshots for new videos for each keyword found with an API call. The results are then normalized and cleaned up to reduce the data skew. This is to prepare for video clustering that takes sentiment polarity and serendipity as features. For the sentiment polarity, the like count is compared to the like-to-dislike count to see the differences in the order of the recommended video.


Fig. 2 View Count vs Like Count for Introduction to Computer


Fig. 3 View Count vs Like Count for Introduction to HTML


Fig. 4 View Count vs Like Count for Introduction to Python

Fig. 2 to fig. 4, show that the results from the first 200 most relevant videos found with the YouTube API skewed with only a few videos that had large view counts and like counts. To create an alternative clustering that emphasizes on serendipity based on sentiment polarity, the results need to be normalized. This is important as fig.2-4 show that the YouTube recommendation is heavily skewed. The study by Nakatsuji, Toda, Sawada, Zheng, and Hendler (2016) normalized the distribution in the frequencies of objects in their datasets using Log10. We followed suit and utilize Log10 to distribute the data to retain the original distribution while reducing the distance between nodes (fig. 5 - fig. 7). Fig.5 to fig. 7 show that Log10 is sufficient to improve the distributions and the plot distribution of the three topic are similar when the view count is compared to the like count. Because of the similarity, we decided to move to the next phase with only one keyword, “introduction to HTML”. Two cleanup activities are done prior to normalization and another five clean up steps conducted after the normalization.


Fig. 5 Log10 View Count vs Like Count for Introduction to Computer


Fig. 6 Log10 View Count vs Like Count for Introduction to HTML


Fig. 7 Log10 View Count vs Like Count for Introduction to Python

Stage 2: Proposed Video Clustering

The first stage shows that view counts and like counts play roles in the YouTube algorithm. The second stage proposes alternative features for video clustering to increase serendipitous videos inclusion. The second stage first compares clusters with and without dislike rates. This shows how dislike rates could affect video clustering. Inclusion of dislike rate is proposed as it is significant in determining the quality of the video from the user’s point of view (Sader, Kulkarni, Eagles, et al., 2020).

Data clean-up

The clean-up process involves seven steps to removes invalid results before and after Log10 implementation. The videos are then clustered into two sets of clusters – one set of clusters based on view count and like count, and another set of clusters based on view count and like-to-dislike rate (LD). The seven steps are as follows:
· Removal of entries with 0 View Count values.
· Removal of entries with 0 likes.
· Normalization with Log10 (view count, like count, like:dislike).
· Removal of view count = 0, and like count = 0 after normalization.
· View Count reversal (max – value) – dislike ignored.
· View Count to Like ratio reversal – dislike considered.
· Removal of non-English videos.

In the second stage, videos were collected based on relevancy to topic selection, using the API call based on view count. Subsequently, rating and collection of 3 weeks’ worth of new videos were collected and compiled to create a single dataset for clustering. We compared two 2-features clusters. The first set of clusters is based on view count and like count. The second set of clusters is based on view count and like-to-dislike rate (LD). The clusters were set to three based on the elbow method. After the clustering, videos were prioritized based on the normalized like-to-dislike rate (LDn). The clustering is to reduce the number of videos that need to be filtered by a human expert, as manual intervention is still crucial to filter YouTube videos for educational purposes (Staziaki, et al., 2021). The largest LDn is taken into consideration for video prioritization. The results are then examined to see the population of videos based on normalized VC (VCn). The goal for this step is to include serendipitous videos that would normally not be recommended by YouTube. Next, the impact of the videos is measured by considering the ratio of normalized VC and normalised LC (VnLn). This ratio means the smaller the VnLn, the better. To improves readability, we reverse the ratio and seek the highest value of VnLnr, where:


i denotes a video  value
Results

We measured the serendipity and sentiment polarity in YouTube recommendations, then introduced an alternative recommendation that improves the serendipity. The anonymous YouTube search and API call show that YouTube does not prioritize serendipity. Fig. 2 to fig. 7 shows that YouTube considers sentiment polarity. We also compared including and excluding dislike in coming up with the recommendations.

Alternative clustering based on sentiment polarity

Our recommender starts with the 200 videos obtained from the YouTube API call. The videos are then normalized based on Log10, and the elbow method is used to determine the optimum number of clusters. Fig 8 shows the clusters when VC and LC are used as clusters and fig 9 shows the clusters when VC and LD are used as features. After clustering with both VC and LC for the first sets of clusters and VC and LD for the second sets of clusters, the results show that the k-means clustering method yield 95% relevancy to keyword (“introduction to HTML”) for the top 20 results of video prioritization based on the LDn. Fig. 8 and 9 show that Log10 is suitable to normalize videos from YouTube as it retains the relative distance between the most viewed videos to most of the other videos. 
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Fig. 8 View count-to-like count – reversal vs like count for introduction to HTML
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Fig. 9 View count-to-like count – reversal vs like-to-dislike ratio for introduction to HTML

Fig.8 and fig. 9 show that both clusters are prioritized according to the normalized like-to-dislike ratio (LDn). The intra-cluster videos are not similar if the dislike is not taken into consideration during the clustering (table 3). Table 3 shows that when only view count and like count are taken into consideration, the cluster will likely follow the view count (see lines 1-3, 5-7, and 8-11). This is because videos with low view counts end up in a different cluster (lines 2, 3, 6, 7, 10, 11, 19, and 20). If the clusters are used to filter videos prior to recommendation, cluster 2 (see table 3) will be recommended. As a result, the recommendations will lack serendipity. Furthermore, based on the sentiments of the videos based on the like to dislike ratio, many of these low view count videos may have a greater positive sentiment polarity than more popular videos. This can be seen from lines 2, 3, 6, and 7. The dislikes need to be taken into consideration, and not only the like count, as they show the perceived sentiments of the videos. The two tables show that the like-to-dislike ratio is suitable to prioritize videos (table 4). Table 4 shows that when dislike ratio is taken into consideration during clustering, all the top-20 videos are in the same cluster (cluster 2). Cluster 2 will then be used to generate the recommendations. The inclusion of the dislike rate during clustering improves the serendipity as it manages to cluster all video with similar sentiment polarity, regardless of the view count. As a result, the recommendation provides videos with higher positive sentiment polarity during recommendation. 

	Table 3 Video Prioritisation without dislike consideration (3 clusters)

	Priori
	Video ID
	Vn
	Ln
	LDn
	VnLn
	VnLnr
	cluster
	View Count

	1
	LGQuIIv2RVA
	4.64
	3.11
	2.51
	1.49
	4.12
	2
	47,571

	2
	Pf5TOXW9GPM
	3.37
	2.24
	2.24
	1.51
	4.11
	0
	2,350

	3
	QtANljkXjRI
	3.05
	2.15
	2.15
	1.42
	4.2
	0
	1,120

	4
	hu-q2zYwEYs
	5.4
	3.68
	2.15
	1.47
	4.15
	2
	259,762

	5
	Y1BlT4_c_SU
	5.15
	3.25
	2.14
	1.58
	4.03
	2
	143,309

	6
	DGVXXW6xEnc
	3.68
	2.08
	2.08
	1.77
	3.85
	0
	4,887

	7
	md2hMtFJqKI
	3.5
	2.05
	2.05
	1.71
	3.91
	0
	3,194

	8
	UB1O30fR-EE
	6.69
	5.1
	2.01
	1.31
	4.3
	2
	5,012,995

	9
	BvJYXl2ywUE
	4.99
	3.33
	2
	1.5
	4.11
	2
	102,566

	10
	OZeoiotzPFg
	3.97
	1.99
	1.99
	2
	3.62
	0
	9,281

	11
	BvSTiqvm7sM
	2.42
	1.92
	1.92
	1.26
	4.36
	0
	270

	12
	Ncy6LDjSiX4
	4.6
	2.37
	1.9
	1.94
	3.68
	2
	104,395

	13
	WwNuvGLblJU
	4.99
	3.62
	1.9
	1.38
	4.24
	2
	39,929

	14
	qz0aGYrrlhU
	6.13
	4.6
	1.89
	1.33
	4.28
	2
	4,070,499

	15
	pQN-pnXPaVg
	6.6
	5.02
	1.89
	1.32
	4.3
	2
	1,498,308

	16
	1PnVor36_40
	5.71
	4.12
	1.84
	1.39
	4.23
	2
	533,797

	17
	4bg2AUp6Y8w
	4.91
	3.16
	1.72
	1.55
	4.06
	2
	88,736

	18
	gT0Lh1eYk78
	5.9
	4.06
	1.67
	1.45
	4.16
	2
	830,950

	19
	5JbBOfYjMhs
	4.25
	2.1
	1.63
	2.02
	3.59
	0
	17,873

	20
	5gVxlxwBcCU
	3.64
	1.91
	1.61
	1.9
	3.71
	0
	4,505



	Table 4 Video Prioritisation with dislike consideration (3 clusters)

	Priori
	Video ID
	Vn
	Ln
	LDn
	VnLn
	VnLnr
	cluster
	View Count

	1
	LGQuIIv2RVA
	4.64
	3.11
	2.51
	1.49
	4.12
	2
	47,571

	2
	Pf5TOXW9GPM
	3.37
	2.24
	2.24
	1.51
	4.11
	2
	2,350

	3
	QtANljkXjRI
	3.05
	2.15
	2.15
	1.42
	4.2
	2
	1,120

	4
	hu-q2zYwEYs
	5.4
	3.68
	2.15
	1.47
	4.15
	2
	259,762

	5
	Y1BlT4_c_SU
	5.15
	3.25
	2.14
	1.58
	4.03
	2
	143,309

	6
	DGVXXW6xEnc
	3.68
	2.08
	2.08
	1.77
	3.85
	2
	4,887

	7
	md2hMtFJqKI
	3.5
	2.05
	2.05
	1.71
	3.91
	2
	3,194

	8
	UB1O30fR-EE
	6.69
	5.1
	2.01
	1.31
	4.3
	2
	5,012,995

	9
	BvJYXl2ywUE
	4.99
	3.33
	2
	1.5
	4.11
	2
	102,566

	10
	OZeoiotzPFg
	3.97
	1.99
	1.99
	2
	3.62
	2
	9,281

	11
	BvSTiqvm7sM
	2.42
	1.92
	1.92
	1.26
	4.36
	2
	270

	12
	WwNuvGLblJU
	4.99
	3.62
	1.9
	1.38
	4.24
	2
	104,395

	13
	Ncy6LDjSiX4
	4.6
	2.37
	1.9
	1.94
	3.68
	2
	39,929

	14
	pQN-pnXPaVg
	6.6
	5.02
	1.89
	1.32
	4.3
	2
	4,070,499

	15
	qz0aGYrrlhU
	6.13
	4.6
	1.89
	1.33
	4.28
	2
	1,498,308

	16
	1PnVor36_40
	5.71
	4.12
	1.84
	1.39
	4.23
	2
	533,797

	17
	4bg2AUp6Y8w
	4.91
	3.16
	1.72
	1.55
	4.06
	2
	88,736

	18
	gT0Lh1eYk78
	5.9
	4.06
	1.67
	1.45
	4.16
	2
	830,950

	19
	5JbBOfYjMhs
	4.25
	2.1
	1.63
	2.02
	3.59
	2
	17,873

	20
	5gVxlxwBcCU
	3.64
	1.91
	1.61
	1.9
	3.71
	2
	4,505



In summary, the first finding is that k-means can be used to cluster results from a YouTube API call. Different features (VC and LC vs. VC and LD) yield to different sets of clusters (2 clusters from VC-LC and 1 cluster from VC-LD). The second finding is that Log10 normalization is suitable to reduce the data skewness by retaining the relative distance between each node. The third finding is that dislike rate is crucial in video recommendation as the omission of dislike rate from clustering may produce different recommendations, as it is likely that only one of the clusters will be handed to human experts to reduce the loading to check video accuracy, as seen in table 3. Furthermore, the results in table 3 shows that the omission of the dislike rate would make recommendations incline towards VC as all the top 20 videos with significantly fewer VC end up in another cluster. Ultimately, this means less serendipity in recommendations if the dislike rate is discarded during clustering.

Discussion

Serendipity in YouTube recommendations

The results show that the YouTube recommendations do not emphasis serendipity. YouTube recommendations do, however, factor in sentiment polarity. The sentiment polarity, denote by like count and dislike count is made available both on web search and in API call. However, On Dec 13, 2021, YouTube decided to make the dislike count private from all searches including API calls unless specially requested. The request processes are tedious and may hinder researchers and practitioner from completing it. This would make the sentiment polarity calculation unnecessarily complicated as the dislike need to be omitted from sentiment calculation, or the recommender systems creator need to go through lengthy email and audit processes to request for dislike count inclusion in their recommender systems project. 

Sentiment polarity on serendipity in video recommendation

The results show the importance of sentiment polarity in improving serendipity in recommendations. Table 3 shows that the omission of dislike counts results in the separation of videos based on VC into different clusters. If the clusters are used as baseline for recommendation, a single cluster (cluster 2) will likely be used as it contains mostly videos that are popular and still have positive sentiment. However, this leads to lower serendipity in the recommendations. Furthermore, the exclusion of dislike rate shows that cluster 2 in table 3 may not have the higher positive sentiment that can only be calculated based on the like-to-YouTube started hiding dislike counts, but we show the importance of making the dislike count available, at least for API calls. Regardless of their view counts, videos that have high impact on users (based on view-to-like ratio) have similar sentiment polarity (based on like-to-dislike ratio). It is important to remember that in academia, the purpose is not to make the users watch many videos, but to get them started as soon as possible. To disregard YouTube would be a huge loss as it contains huge numbers of relevant videos, but the implementation needs to be fine-tuned so it would cater for education. Perhaps, with enough studies, the academic community could persuade YouTube to create a platform similar to YouTube for kids, with educational content that utilizes sentiment polarity and serendipity-based recommendation. The inclusion of serendipitous video would reduce the popularity race that is normally associated with videos for entertainment.

Limitations

This research, while providing data that shows the importance of dislike counts and a method to increase the serendipitous results for recommendations, has its own limitations. First, the dataset is snapshot of the time they were published, and not throughout the 3 weeks duration. As such, many videos with extremely small view counts had like and dislike count which had to be discarded before and after normalization. Second, this test was conducted only on the introduction to IT topic. The relevancy and the accuracy of the recommended videos may vary for other fields, for example, medical education. As such, the need for an expert to evaluate the videos is still crucial and plays a significant role. Furthermore, this research only shows the quantitative results from the inclusion of sentiment polarity and serendipity during item recommendation. More studies are needed to test the user acceptance of the recommended videos. Future studies could focus on sentiment polarity, serendipity, and relevancy of YouTube videos as supplements to formal classes.

Conclusions

We wanted to first understand how serendipitous YouTube recommendations are. Second, to analyze how sentiment polarity affects recommendations. Third, to optimize clustering and video recommendations for education, as an alternative to YouTube recommendations. Step 1 in stage 1 shows that the YouTube recommendation algorithm does not prioritize serendipitous videos. Step 2 in stage one shows that sentiment polarity is taken into consideration for YouTube recommendations. This further emphasizes the importance of making the dislike count available, which was recently disabled by YouTube. In stage 2, the proposed recommendation algorithm manages to improve the inclusion of serendipitous videos in the recommendation list using the like-to-dislike rate. The results also show that the inclusion of the dislike weightage during regression for recommendation tallies with like-to-dislike-based clustering. This would allow prefiltering when the dataset becomes huge. This, in turn, reduces the number of videos for experts to review before final recommendation. The dislike rate would also allow for sentiment polarity with sentiment weightage, and not only the like count. Both clusters and prioritization techniques can be done with basic algorithms and can be implemented easily with basic programming knowledge. Hence, this would be beneficial to experts in other fields if they choose to create an alternative to YouTube recommendations for content in their respective fields. This is important as the YouTube default recommendation may not be the best method as it shows that the lowest-scored videos by medical experts the rank highest in popularity (King, Davison, Benjenk, et al., 2021). Future work could expand the findings and suggestions from this paper to find user acceptance to the recommendations made with dislike counts. However, since YouTube no longer provides this data, future studies would need to discover other features that can be used to mine the dislike counts of videos. 
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Log View Count vs Log Like Count

LogLC	6.2548906406758631	6.7093149997282344	5.0668363407046852	6.6812113786035496	5.0407249378259484	3.7327956982893293	5.0837677022115422	6.6288598585977256	4.772688354682141	4.7086927802480778	5.9592541921984905	5.4362310470120416	4.7899612580862341	5.1652977561992239	5.5186007900895362	3.9793206973820245	3.0606978403536118	4.6669296163877689	3.3729120029701067	2.6074550232146687	6.107951708003827	3.6716355966021297	4.4812992733328558	6.3361420022846966	4.9407704131898784	3.7030333047336859	6.2302925472157504	4.2629017626541374	1.7242758696007889	3.869818207979328	5.4481727837837921	6.3401820709551933	4.7883522354158021	4.4826020646990639	4.9285801834315022	5.8192391644693284	5.1435144200755509	5.8290386114156858	2.6074550232146687	2.2528530309798933	4.7273378880330803	4.9594182536419851	4.5012510218558575	2.3344537511509307	1.8061799739838871	2.3053513694466239	4.7822934228095439	5.0948448174596574	2.6222140229662951	6.6524610170565612	2.6159500516564012	2.6803355134145632	4.4282806147071767	4.5979144712025279	4.4297684244786053	6.15034804177676	4.0264924070528396	3.0655797147284485	2.9329808219231981	3.325310371711061	1.7242758696007889	4.2851295546300623	1.8195439355418688	5.0114054903199001	6.5078688194128418	1.6334684555795864	3.4746532533620629	0.47712125471966244	3.5098742850047193	4.6701901707249354	3.9214263410152657	4.9219256616559441	5.1164516621167415	2.77232170672292	0.84509804001425681	3.9014583213961123	2.9390197764486663	3.3866772839608377	4.5236424317213793	2.27415784926368	5.5565039184378495	1.3802112417116059	4.9896900371000523	2.2174839442139063	4.8501252594869362	2.3838153659804311	1.8061799739838871	2.7118072290411912	2.1303337684950061	3.7375901662857216	2.1238516409670858	4.6187800245062149	5.7577732152270187	3.2352758766870524	5.7388780260523307	2.6493348587121419	3.1649473726218416	4.6775795803569498	5.6727322036046006	2.5453071164658239	2.0791812460476247	2.8898617212581885	2.6560982020128319	1.3424226808222062	1.3802112417116059	5.1513790448110024	3.0523090996473234	2.167317334748176	3.7132384615456617	0.90308998699194354	6.1259107933068675	4.494613701196938	5.8834768917587885	4.2711908387012949	1.8450980400142569	4.0145205387579237	2.0253058652647704	1.3617278360175928	2.0043213737826426	1.255272505103306	2.0043213737826426	4.487025189528695	2.6711728427150834	4.6341647881887971	2.4653828514484184	1.414973347970818	6.116804260936763	1.4471580313422192	1.9637878273455553	5.5586209829800381	3.6233526815379919	1.2787536009528289	3.2692793897718984	4.5257184131212682	3.8292394281413888	5.4798803751304543	5.2726212429332548	5.090360352335801	4.5888093387037205	4.5458017571592766	5.1437078683467989	5.1122529999668389	4.0278794092072072	2.8998205024270964	5.6562122732190279	1.2041199826559248	1.7781512503836436	3.3942765267678214	4.7129021250472229	5.1091227541580864	3.658393026279124	4.8399805576783423	3.3701428470511021	1.6532125137753437	3.2445245115700838	5.0498108950925937	3.2787536009528289	3.1351326513767748	4.0885258924312557	3.7098633174403992	3.1215598441875008	3.2723058444020863	3.7797407511767407	1.5314789170422551	2.1583624920952498	3.0496056125949731	2.2380461031287955	1.3802112417116059	4.0466122090684458	1.9493900066449128	2.6901960800285138	4.8734426754754603	3.345569756056392	2.0934216851622351	4.5818472988296373	2.3201462861110542	0.3010299956639812	2.0969100130080562	3.7906369619317033	4.9143272873599955	3.3734637216323691	2.8382192219076257	2.6812412373755872	3.3583156400821959	3.2968844755385471	4.282009999342054	1.414973347970818	0.47712125471966244	3.2073650374690716	3.0704073217401198	2.8068580295188172	1.3010299956639813	0.47712125471966244	0.3010299956639812	2.3117538610557542	3.3467440546048488	1.1760912590556813	5.3246733501892454	0	0.6020599913279624	2.7041505168397992	1.9030899869919435	2.4941545940184429	3.9161379831071752	1.8260748027008264	2.3324384599156054	2.2576785748691846	1.1760912590556813	0	2.6483600109809315	0.3010299956639812	3.2720737875000099	4.8732973457987985	1	1.7558748556724915	0	2.0492180226701815	3.2137832993353044	2.5352941200427703	3.1883659260631481	3.5509617522981762	0.6020599913279624	0.3010299956639812	2.5877109650189114	1.2304489213782739	2.0606978403536118	2.8567288903828825	0.90308998699194354	4.1200142520780672	0.69897000433601886	3.4307198878632823	1.1139433523068367	3.1595671932336202	1.2304489213782739	0	1	0.47712125471966244	2.214843848047698	1.0791812460476249	3.070037866607755	4.1650364799945656	1.7323937598229686	4.2218834917852401	1.9030899869919435	1.4313637641589874	3.1482940974347455	4.071992407124176	1.7160033436347992	0.6020599913279624	1.8920946026904804	0.47712125471966244	0	0.84509804001425681	3.5075860397630105	1.0791812460476249	0.77815125038364363	2.0606978403536118	0	3.9901167660679042	2.9772662124272928	4.2137036536801791	2.9429995933660407	0	1.7481880270062005	0	0.69897000433601886	0.3010299956639812	0	0	2.840106094456758	1.3802112417116059	2.5820633629117089	0	0.77815125038364363	4.4996183597000066	0.47712125471966244	1.2304489213782739	3.8361341494653747	1.1760912590556813	0.77815125038364363	0.77815125038364363	3.0034605321095067	2.3242824552976926	3.8268519478206438	3.629307640073749	3.2598326990634834	2.9370161074648142	2.6344772701607315	3.323252100171687	3.3096301674258988	2.2095150145426308	0.69897000433601886	3.4602963267574753	0	0.84509804001425681	1.146128035678238	


Log View Count vs Log Like Count

LogVC	5.8431661022345756	4.854652124646079	4.6653088854905809	5.2069067929308641	5.8182219334638461	4.1380499442048899	4.5912427425835096	4.3154035046343511	2.5440680443502757	3.4527062265110291	2.6253124509616739	3.2526103405673732	3.7993405494535817	2.9809119377768436	4.0924048068990082	4.647079640585476	4.0398501777496643	4.5958708321028716	3.0187004986662433	3.4377505628203879	2.6655809910179533	1.7708520116421442	2.5118833609788744	1.9294189257142926	2.7745169657285498	0.84509804001425681	4.5908529761082129	4.2860970288144822	3.5938396610812715	2.7972675408307164	3.2564772062416769	1.7781512503836436	2.0253058652647704	3.1482940974347455	2.0334237554869499	3.8278859827898559	1.3222192947339193	5.4255179178468644	2.5502283530550942	1.5440680443502757	2.5888317255942073	2.3560258571931225	2.5888317255942073	1.7160033436347992	4.4288310513865685	1.6627578316815741	3.7514330818193473	2.762678563727436	2.2528530309798933	3.1997551772534747	1.8512583487190752	2.6304278750250241	1.3979400086720377	3.355643050220869	3.734559821579476	4.3728751967933901	3.5618166643189575	2.8221680793680175	0.90308998699194354	3.1693804953119495	2.3324384599156054	3.6723749787460793	2.4927603890268375	2.3502480183341627	2.5538830266438746	2.1072099696478683	2.1643528557844371	1.3979400086720377	0.6020599913279624	1.0791812460476249	1.6127838567197355	2.3222192947339191	2.2405492482825999	2.3222192947339191	1.3010299956639813	1.3424226808222062	3.3358589113198178	1.9444826721501687	3.0305997219659511	2.8555191556678001	3.7798849631926443	4.113308149918387	3.1212314551496214	0.84509804001425681	3.6663307443019684	1.4471580313422192	2.8293037728310249	1.9731278535996986	0.95424250943932487	2.5797835966168101	2.3201462861110542	1.4471580313422192	3.022840610876528	4.1817007044159613	1.7708520116421442	4.2875778090787051	4.5530937864371861	1.6627578316815741	3.0017337128090005	3.3062105081677613	2.5051499783199058	3.5732198271144218	2.1303337684950061	0.95424250943932487	1.7323937598229686	1.6901960800285136	2.1613680022349748	1.9867717342662448	2.4785664955938436	3.0394141191761372	2.3463529744506388	3.9112108931375533	4.1613380498585428	2.143014800254095	1.8512583487190752	3.2755416884013098	2.1613680022349748	1.6901960800285136	3.4473131088235682	1.9731278535996986	2.808885867359812	4.164085057458859	0.3010299956639812	2.6242820958356683	1.505149978319906	1.0791812460476249	2.3180633349627615	2.4941545940184429	4.0516540841132862	2.3909351071033793	1.8692317197309762	1.3222192947339193	2.1903316981702914	3.8169700377572995	1.3802112417116059	2.0863598306747484	1.4913616938342726	0.6020599913279624	4.1959549730235244	1.505149978319906	3.5742628297070267	2.4712917110589387	1.9084850188786497	3.154119525515847	2.7788744720027396	1.6127838567197355	2.0934216851622351	2.7874604745184151	3.5583485087616196	4.9187116653823209	2.3802112417116059	0.47712125471966244	1	1.2041199826559248	1.9493900066449128	2.6866362692622934	0.3010299956639812	4.3228805730983062	2.2479732663618068	0.69897000433601886	4.2890758788982204	2.4265112613645754	1.9912260756924949	4.4572004127937683	0.77815125038364363	2.1172712956557644	2.0453229787866576	2.8876173003357359	2.0293837776852097	1.8573324964312685	4.0226757619537272	4.706495885648506	2.4424797690644486	2.2528530309798933	2.7535830588929064	3.1159431769390551	2.2174839442139063	1.8388490907372552	2.3031960574204891	1.2304489213782739	2.9585638832219674	7.4434922344292644	6.4065233192620568	6.4849143937894143	6.8556346493161513	7.336919022496688	5.7384824731346393	6.0498414854965628	5.6868515759039235	4.290546554280307	4.8366215625208513	4.379686151906955	5.1704700094109617	5.6763194981303764	4.7027148028744623	5.8271236204027437	6.0806445220324541	5.4356978783336132	6.1288226932387166	4.9855656775101078	5.55294792358539	4.4540212057025999	4.4722004305656018	3.942652811693212	3.9007493580610797	4.4544637327511376	2.0043213737826426	6.1470075215142774	6.0771043412247296	5.0516772191349233	4.7804325325379624	4.9076639091203598	3.1601682929585122	3.7553411838115474	5.0590330049637799	3.3457656931144881	5.3291557460982117	3.1989318699322089	6.8721204201132311	4.408697768895788	3.1766699326681498	4.0580842247509246	4.7377887917096748	4.130623201682595	2.8819549713396007	6.1187615816040086	3.1795517911651876	5.4453208076194199	4.4863596256881291	4.2111205412580492	5.0963989821522651	3.1743505974793798	4.7409860467187936	2.9916690073799486	5.2072707325232725	5.7295195346638552	6.0345149557948075	5.2145312554010932	5.2990625347869367	2.4216039268698313	4.7362769552331105	4.2191390018598005	5.7704543397641421	4.6746590963136496	4.1435768321589963	4.3600440453222609	3.3539162309203632	3.7527396939353279	2.419955748489758	2.8704039052790269	3.0244856676991669	3.0934216851622351	3.7131544018372984	3.8033888249836134	2.8686444383948255	3.0220157398177201	2.7730546933642626	5.351773123298778	3.7900035203904894	4.9519200735202933	4.5183559858910929	5.3818295887391061	5.8721492773445947	5.0713001046899118	2.27415784926368	5.0717016272278954	3.4652340949880145	4.5493588943424648	4.0367087215698856	2.2504200023088941	5.2795460364237625	4.439758882863007	2.8948696567452528	4.8421160104394367	5.9108889558241557	3.6488477083728936	5.9528239125185385	6.0784089632702498	1.9138138523837167	5.0650453869280705	5.2090026738994508	4.0646825662285115	4.8985935572569499	3.6180480967120925	2.7193312869837265	3.4805817868291689	3.8167051836665151	3.5486350598147514	3.5031094366713691	3.8828090413924401	4.7220330620481343	4.1839243517570006	5.6583281728978347	5.9250066369171774	3.8287243271387914	3.6048737705526359	4.6231355317073994	3.518777068926775	3.6507930396519308	4.9450301302178055	3.1455071714096627	4.1817007044159613	5.7909301435955971	2.4927603890268375	4.3657499801048889	3.4399639359209049	3.4844422076424069	4.0187836888746968	4.4980485193536124	5.7999632808889769	3.984932166067412	3.3705130895985924	3.1652443261253107	3.6926706991563689	5.3705667485757385	2.7474118078864231	3.7916204826928142	3.764325605625984	1.8388490907372552	5.9606010938931089	3.598571663482141	5.630977768701511	3.8018151685814372	3.9476787399369364	5.2441855504887904	4.4734869700645685	3.4548448600085102	4.4732825480876697	4.8194912905958196	5.0135871052645422	6.5895383340905287	4.1384921671499759	2.0453229787866576	3.1085650237328344	2.741939077729199	3.4652340949880145	4.247261126880467	2.4014005407815442	5.8896921118180865	4.0732416476119981	2.5611013836490559	6.0191133812876894	4.4882262845356422	3.4882686154954601	6.239387830918564	2.4440447959180762	3.7826159320316033	3.3710678622717363	5.020589144583294	3.495821753385906	3.2895889525425965	5.5889402856452417	6.2224222475180735	4.405670721721326	4.2073919779784879	4.2730244338184642	4.9246358815189248	3.2999429000227671	3.6127838567197355	4.3216605568486699	2.8162412999917832	5.1251916394931927	
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