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Abstract 

The rapid growth of instructional videos repositories and their widespread use as a tool to 
support education have raised the need of studies to assess the quality of those educational 
resources and their impact on the quality of learning process that depends on them. Khan 
Academy (KA) repository is one of the prominent educational videos’ repositories. It is 
famous and widely used by different types of learners, students and teachers. To better 
understand its characteristics and the impact of such repositories on education, we gathered a 
huge amount of KA data using its API and different web scraping techniques, then we 
analyzed them. This paper reports the first quantitative and descriptive analysis of Khan 
Academy repository (KA repository) of open video lessons. First, we described the structure 
of repository. Then, we demonstrated some analyses highlighting content-based growth and 
evolution. Those descriptive analyses spotted the main important findings in KA repository. 
Finally, we focused on users’ interactions with video lessons. Those interactions consisted of 
questions and answers posted on videos. We developed interaction profiles for those videos 
based on the number of users’ interactions. We conducted regression analysis and statistical 
tests to mine the relation between those profiles and some quality related proposed metrics. 
The results of analysis showed that all interaction profiles are highly affected by video length 
and reuse rate in different subjects. We believe that our study demonstrated in this paper 
provides valuable information in understanding the logic and the learning mechanism inside 
learning repositories, which can have major impacts on the education field in general, and 
particularly on the informal learning process and the instructional design process. This study 
can be considered as one of the first quantitative studies to shed the light on Khan Academy as 
an open educational resources (OER) repository. The results presented in this paper are crucial 
in understanding KA videos repository, its characteristics and its impact on education. 

 
Keywords: Open Educational Resources, Quantitative Analysis, Instructional Video, Users’ 
Interactions, Learning Repository, Online Learning. 
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1. Introduction 

Communication and exchanging information are major goals of the internet which align with 
the major concerns of education and online learning. Therefore, a massive amount of learning 
objects is stored on the internet, so they can be accessed by different stakeholders. Those 
learning objects are organized in educational repositories and learning environments and they 
are available to be used, reused and shared over the internet [1]. A widely used open 
course-ware initiative is Khan Academy which provides open educational resources (OERs) in 
different subjects. Khan Academy’s repository can be considered as m-learning environment 
because it is accessible anywhere, anytime and by everyone [2]. The instructional videos are 
the most usable OERs in Khan Academy as they are shared on YouTube and used in different 
educational sets as well. 

Globally, the usage of videos as instructional learning objects is rapidly increasing. Many 
universities are offering video lectures in their subjects. On the other hand, flipped classroom 
is a common pedagogical approach practiced widely in education where students can watch 
online lectures anywhere and benefit from the rich OER’s repositories such as Khan Academy 
[3], then evaluate their knowledge in class. In 2012, Kay [4] reviewed the history and growth 
of video podcasts in education. He demonstrated their positive impacts on students’ behavior 
and learning performance. Cargile and Harkness [5] examined the use of Khan Academy 
videos as a tool of instruction in teaching mathematics in schools. They concluded that 
flipping instruction has become a popular component of school improvement plans. Hwang 
[6] proposed seamless flipped learning model to facilitate learning in different contexts 
through watching instructional videos anywhere, collecting relevant information and 
evaluating in class. In 2018, Karabulut Ilgu [7] highlighted the popularity of the flipped 
learning approach in engineering education in the period after 2012. He discussed its trends 
and demonstrated its effectiveness, benefits and challenges. 

The variety of video-based learning environments includes general repositories (e.g. 
YouTube and iTunes) and other video repositories in smart, interactive and open educational 
platforms (e.g. MOOCs, LORs and OCWs. Those videos are posted in two or more different 
platforms (e.g. YouTube and Khan Academy) according to the philosophy of “sharing, reusing, 
improving and sharing again” [8]. Open Educational Resources (OERs) stored in those 
repositories include course materials, modules, instructional videos, tests, and other 
techniques used to support knowledge. Those OERs are “used and reused by a community of 
users such as educators, students and self-learners for teaching, learning and research 
purposes.” [9]. The rapid growth of OERs has raised the concern about their quality and how 
to measure their effectiveness using accurate quality indicators and measurements. Ochoa & 
Duval [8] highlighted that open educational resources could be “mined” and quantitative 
measures of ‘good’ and ‘not good’ resources could be compared in order to discover essential 
attributes related to quality which will help in creating statistical profiles to be used in quality 
prediction. 

Khan Academy is a famous open courseware initiative. It provides OERs in different 
educational disciplines. Those resources include instructional videos, exercises and other 
techniques. Khan Academy started in 2008 by its founder Salman Khan [10]. The goal of this 
initiative was to create a set of online tools to help in educating students. It started by posting 
short video lessons on YouTube then it converted to a full-time job in 2009 by creating a 
dedicated platform that provides full different educational lessons. In this paper, we collected 
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Khan Academy’s data using their API and different web scraping techniques as an attempt to 
understand its characteristics and the impact of such learning repositories on education. This 
study presents one of the first quantitative studies that sheds the light on Khan Academy (KA) 
as an open educational resources (OERs) repository. We investigated inside the repository 
trying to study its structure and its users’ interactions to find some quantitative insights that 
can be utilized in making efficient decisions for improving the quality of both educational 
resources and learning process. We analyzed different metrics related to its instructional 
videos and to their users such as video length, users’ geographical distribution and users’ 
interactions with those videos. We proposed three profiles to categorize those videos based on 
users’ interactions. Then we analyzed the relation between the proposed profiles and some 
different metrics. Our analysis provides crucial information in understanding the logic and the 
learning mechanism inside learning repositories which has major impacts on education in 
general and on informal learning process and instructional design process in particular. 

2. Related Work 

2.1 Size and evolution of educational repositories 
Ochoa & Duval [8] focused on quantitative analysis of learning objects repositories rather than 
qualitative ones. They highlighted the importance to measure the progress of learning objects 
economy through providing empirical answers to questions related to typical repository’s size, 
number of used OERs, repository’s growth over time, and the average number of OER’s 
published by contributors. Santos Hermosa [11] assessed OERs’ reuse through analyzing 
content related indicators. The study concluded that the most used repositories in higher 
education are institutional ones dedicated for educational purposes. 

2.2 Previous studies on profiles of educational repositories 
Cechinel [12] classified OERs into three statistical profiles (good, average and poor) after 
considering their quantitative measures, peer reviews and users’ ratings. 35 metrics were 
extracted from 6470 OERs existed inside MERLOT repository. One limitation of this study 
was considering the resources that received low ratings as poor resources and correlate them to 
the effort of reviewers because those ratings were given by the community of evaluators and 
not the community of users. He used those metrics to implement experiments [13] to 
automatically generate quality information about learning resources based on their essential 
features and evaluative metadata. The results could be used to provide internal quality 
information for any newly added learning resources. 

2.3 Previous studies on quality of educational learning resources  
Due to the increase of open educational resources, evaluating their quality is critical, 
challenging and involves several dimensions and different stakeholders. Researchers proposed 
different evaluation approaches to enhance quality measurements. Some of them counted on 
users to evaluate the quality by rating and commenting such as peer review methods. Others 
use different techniques by developing set of metrics for ranking OERs’ search results inside 
repositories. Clements [14] created a LOR quality assurance framework to be used in building 
or updating repositories. Robinson [15] proposed quality guidelines to create online courses 
with a focus on both content and delivery system. Holland [16] identified how informal online 
learning can be effectively designed outside a formal online course. 
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2.4 Previous studies on analyzing users’ interactions with educational 
resources  
Analyzing users’ interactions with OERs opens the door to a deeper understanding of how 
users are utilizing those resources. This will reflect on the quality of learning objects by 
encouraging their developers to follow a data driven approach in designing learning objects. 
Many studies agreed on the impact of analyzing users’ interactions on improving the next 
generation of learning videos. Kim [17] analyzed click-level interactions and combined them 
with video content analysis to study peaks in viewership and student activity. In another study 
[18], authors clustered users’ interactions with MOOCs into different video behavior patterns. 
While other researchers [19] analyzed a course content with the users’ interaction patterns to 
help in improving the design of learning environments. 
The above studies were built on analyzing data inside educational repositories. Research in 
this area is still limited. This highlights the possibility for more research efforts and opens the 
door to the need of more descriptive and quantitative analysis for such repositories to discover 
the mechanism of their learning process. 

3. Research Objectives 
This research is an attempt to mine an open educational resources repository to find some 
quantitative measures and insights that help in defining the quality of those resources and to 
contribute in improving the learning process. The study investigates the repository to 
understand its characteristics and its impact on learning process and instructional design. It 
provides descriptive and quantitative analysis on instructional videos and their audiences as 
well. The study can act as a model for other repositories to search for empirical insights that 
guide for the quality of learning objects and to enhance the understanding of learning process. 
Those insights can be utilized in making efficient decisions for improving quality of both 
educational resources and learning process. Our analysis would have extensive use in the 
education in general and particularly in improving informal learning environments. 

4. Materials and Methods 
This section provides an overview of data collection from Khan Academy’s repository. It 
shows methods used to build the database and how we gathered data. It also describes KA 
website structure and its components. 

4.1 Khan Academy’s Repository and Data Collection 
A database from KA repository was created. The structure of this database was built based on 
KA-API. Khan Academy’s ER diagram Fig. 1 shows the structure of this database and the 
relationships between main tables. 

Using a designed scraping tool that navigates KA website we managed to go deep in the 
structure and collect non authenticated data related to KA OERs. We gathered users’ 
interactions with those OERs. Those interactions are accessible for any public user without 
any kind of authentication. 
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Fig. 1. KA Database ER Diagram 

 

The designed scraping tool use a PHP script to mine inside KA’s repository. This tool was 
designed to traverse KA website and gather all non-authenticated data. The scraping technique 
starts from the top level (domains) to reach the down level (skills. Those skills are the different 
OERs including instructional videos. We managed to scrape more than 9,000 videos related to 
more than 700 different topics from all of Khan Academy’s domains. A lot of users interact 
with those videos by posting questions and answers. Those users have different profiles either 
private or public ones. We managed to obtain 2,797,382 users’ interactions posted by a lot of 
different users. Table 1 shows the number of gathered topics, skills and users’ interactions 
from each domain. 

 

Table 1. Number of the scraped topics, videos and interactions 

Domain_Name
Number of 
topics

Number of  Users' 
Interactions

Math 258             2,114,070                 
Science 146             350,462                     
Arts and humanities 90                95,895                       
Test prep 35                73,063                       
Partner content 102             57,530                       
Economics and finance 31                46,390                       
Computing 17                40,677                       
College- careers- and more 30                19,295                        

 

Around 11,000 of those users have public profiles with different non-authenticated details 
such as user ID, username, bio, country, joining date and count of videos completed. 3,278 of 
them have a public joining date, 4,777 have a public country information and around 5,000 
showed the number of their completed videos. The collected dataset belongs to the period 
from February 2011 to December 2018. For interpreting the findings and analyzing the results, 
we used some analyzing and visualizing techniques such as MATLAB, Tableau software and 
R Studio. 

4.2 KA Website Structure 
The top level in KA structure is Domains. There are 8 different domains. Main domains are 
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related to study fields which are Math, Science, Computing, Humanities and Arts, Economics. 
New domains were added in later stages which are not related to study fields but are used for 
different purposes such as supporting study fields by cooperating with external partners and 
preparing students for college admission tests and assisting them in the college admission 
process. Those domains are ‘Partner content’, ‘Test Prep’ and ‘College, careers, more’. 

The second level is Subjects included in each domain. Most of the subjects are related to 
math which is the largest domain. Total subjects in all KA domains reached 127 subjects. The 
third level is the Topics included ineach subject. Total topics presented in KA website reached 
to 984 topics. In each topic there are sub-topics which can be considered the lessons. Total 
lessons collected from KA website is 6,376 lessons. Each lesson contains different skills 
which are categorized to videos and exercises. Table 2 shows total number of contents in each 
KA domain. Table 3 shows examples of subjects, topics and skills. 

 

Table 2. KA Domains and Number of their Contents 

 
Table 3. Examples of Subjects, Topics, Sub-topics and Skills in KA domains 
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5. Results and Discussion 

5.1 Evolution of KA repository and its user base  
Although Khan Academy’s organization started in 2008 through Yahoo Doodle Images and 
YouTube, the repository started to gain popularity in 2011. To identify the popularity of KA 
repository we used two measurements. First  one is the number of active users who joined KA 
repository over years. The dataset included 3,278 users with public joining date Fig. 2. Only 4 
of them were joined in 2010 and still active. The rapid increase in joined users was during 
2013, 2014 and 2015. After that numbers started to decrease until 2018 when only 7 users only 
joined and still active. This sharp drop might be due to the increase of alternative repositories 
that gain the users’ interest. 
 

 
Fig. 2. Measuring Popularity by number of Active users in KA over years 

 

The second used measurement is number of users’ posts over years. As mentioned before, 
we collected more than 2.7M users interactions categorized in questions and answers Fig. 3. 
Users started to interact with KA repository in 2011 (with emerging math domain. Interactions 
started to increase gradually until they reached to the maximum in 2016 (> 470,000 posts. In 
2017 interactions level declined until 2018 when it reached 187,000 posts. This drop can be 
due to several reasons. One main reason could be the increase in competition and having many 
alternatives. 

 

 
Fig. 3. Measuring Popularity by number of users’ interaction over years 
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Growth rate of KA repository (Table 4) differs from one domain to another. If we look to 
the oldest and largest domain (Math. In 2011 was the first big addition to it. KA team added 
more than 2,500 videos to the repository. In 2013 they added more than 2,600 math videos. 
After that KA team maintained an increment of 1,000 to 1,400 videos per year until 2018 when 
the addition decreased to 289 videos. This growth pattern may indicate that math domain 
reached to its saturation level. 

 

Table 4. KA Repository Growth over Years 

 
 
Science domain follows a similar growth pattern. It also started in 2011 by publishing 636 

science videos. Another peek point was in 2014 when they added around 700 videos. After 
that, the addition declined until 2018 when 45 videos only were added. Economics and finance 
domain started in 2011 with 373 videos. Then it declined until KA stopped publishing in 2015. 
After that they tried to revive this domain again, so they published 102 videos in 2018. This 
shows that this domain is less popular than others. Humanities is the most growing domain. It 
started by publishing 54 videos in 2011. KA team kept increasing the publishing gradually 
until 2018 when they added 334 videos. Computing is the least focusing domain. In 2012, KA 
team started publishing computing videos with very humble numbers until they stopped 
adding in 2017. Due to this very low addition pattern, this domain in KA platform cannot be 
considered a competitor in its field. 

In 2014, KA repository formulated 3 new domains: ‘test prep’, ‘college, careers, more’, 
and ‘partner content’. Although KA team started to build those domains earlier than 2014 but 
official announcements started in 2014. Regarding ‘Partner content’ domain, NASA 
announced in May 2014 that a new collaboration was made between NASA and Khan 
Academy to bring STEM opportunities to online learners through publishing dynamic 
educational materials in KA repository [20]. In 2015 and in regards to ‘Test prep’ domain, 
Khan Academy and College Board Organization announced the creation of free SAT study 
tools which were published in KA repository [21]. While ‘College, careers, more’ domain 
were announced by Khan Academy in 2014. They created college admissions resource for 
high school students and college counselors. It guides students through their college 
application processes and helps them in navigating different college options. 

The repository’s size, as defined by Ochoa is number of objects presented in repository’s 
courses. According to that, the size of KA repository can be identified based on Table 2. In 
KA repository, a total of 29,180 learning objects are related to 984 different topics. That means 
average course size distribution is 29 objects per course. Comparing this average to other 
repositories included in Ochoa’s study [8] Table 5, we can find that the course size of KA 
repository is bigger than all of others. 
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Table 5. Course Size Distribution (Ochoa's Study) 

 

5.2 Descriptive analyses of KA Repository 
We applied some descriptive analyses to describe KA repository, its characteristics and its 
users. Those analyses are divided into two categories: General Descriptive analysis which is 
related to KA repository performance in general and interactions related analysis which is 
analyzing the users’ interactions with KA’s videos. 
5.2.1 General Descriptive analysis 

5.2.1.1 Average Duration of KA Videos: 
An important video’s characteristic presented in this repository is video length. It is varied 
from domain to another. Fig. 4 arranges the videos in each domain according to their durations. 
Some outliers are found in Arts and Humanities, College and Career and Test Prep domains.  
In Table 6, we calculated the average video duration (in seconds), its maximum and minimum 
in each domain separately. 
 

 
Fig. 4. Videos' Duration in Each Domain 

 

The longest video in the whole repository is (Art Making Programs for Individuals with 
Dementia) in partner content domain (partner: The Museum of Modern Art. It lasts for 1 hour, 
20 minutes, 40 seconds (4,840 seconds. While the shortest video in the whole repository is 
called (Student story: Work study as a study hall) in college careers more domain and it lasts 
for 17 seconds only. The typical average video length in the repository is around 412 seconds 
(7 minutes). 
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Table 6. Average Video Duration in Each Domain 

 
5.2.1.2 Geographical Distribution of KA Users: 

4,777 users of the scraped ones mentioned their location in their profiles publicly Fig. 5. the 
United States, we have 82% of them (3,935 users. This indicates that KA is widely used and 
very popular in US. Most of those users are math users. The second country where KA 
repository is widely used is Canada (290 users. The third one is India with 197 users. Khan 
Academy is also popular in UK with 3.6%. Australia and New Zeeland also are good potential 
regions for KA repository with 4.3% of users. 

 
Fig. 5. Geographical Distribution of KA Users 

 

5.2.1.3 Number of Videos Completed by Users: 
Another important indicator for the use of KA videos is number of videos completed by each 
user Fig. 6 which means how many videos were watched completely (till the end) by the user. 
We collected this information for more than 10,000 users. Almost 7,000 of them never 
completed any video (count of video completed is 0. 120 users completed up to 3 videos. 652 
users completed (4 to 27 videos) with average of 27 users. Around 350 users completed (28 to 
50 videos. 690 users completed (51 to 120 videos. Around 600 users completed (120 to 300 
videos) with average of 3 users. For the higher counters, number of users tends to reach one 
user for 500 completed videos and above. This means that most of users are either got bored 
quickly or maybe not interested in watching the whole video. They maybe watch only the part 
that they are interested in. 
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Fig. 6. Number of Videos Completed by Users 

5.2.2 Interactions related analysis 
5.2.2.1 Number of Users' Interactions per Video: 

More than 2.7M users’ interactions were gathered. Those interactions are in questions and 
answers posted on videos from different domains after watching them. 2.1M were posted on 
3,134 math videos while only 571,000 interactions were posted on 5,749 videos belong to 
other domains. This indicates that the most watchable and popular videos are related to math. 
Most of users subscribe for KA repository to get help in math, watch it videos and interact with 
them. Those interactions help in figuring out to what extent the video is interested and how 
much users’ attention it gained. The most interested video that gained the maximum number of 
interactions is (Radius, diameter, circumference, Pi) with more than 20K posts. The first 
non-Math video that gained users’ attention is (What is Programming?) with around 9K posts 
and it is ranked the 21st video based on number of interactions Fig. 7. 

 
Fig. 7. Number of Users Interactions per Video 

5.2.2.2 Evolution and distribution of interactions around KA contents: 
Users interaction is a very crucial indicator for the importance of video content and shows how 
much the video attracts users’ attention. Fig. 8 shows number of users’ interactions (questions 
and answers) that gathered by scraping each domain. More than 2.1M interactions related to 
math domain while 571,709 interactions related to other domains. The second highest domain 
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is science which attracted many users to interact with a total of 350K posts. The third domain 
is Arts and Humanities with more than 90K interactions. The fourth is Economics and Finance 
with 46K interactions. 
 

 
Fig. 8. Number of Users Interactions per Domain 

 

Then computing domain with approximately 30K interactions. The rest of domains have 
the smallest shares of interactions with less than 27K each. This indicates that the popularity 
for the subject related domains is still much higher than the service-related ones. This 
distribution can be due to variations in targeted users’ segments or audience. For example, the 
targeted users’ segments for math includes all school students from all levels, all math teachers 
and college students. While the targeted users’ segments for Arts and humanities may include 
only high school students and Arts college students. In Fig. 9, we explored users interactions 
taking in consideration the different subjects across domains. 

 
Fig. 9. Number of Users Interactions per Subject 
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The most popular subject is Pre-Algebra. It gained the highest number of interactions 
(195,773. The second one is Algebra I (136,777 interactions) while the third one is Algebra 
basics (127,044. The first non-Math subject with the highest interactions is Physics which is 
ranked the 7th with (89,702 interactions. Another distribution in Fig. 10 shows the fluctuation 
of number of users’ interactions over years for each domain. This confirms again that math 
domain and its subjects, specifically Algebra related topics are the ones that attract most of the 
users’ attention. 

 

 
Fig. 10. Number of Users' Interactions per Domain over Years 

 

5.2.2.3 Interaction profiles of videos: 
User data for different 30 metrics were extracted from the 9076 videos in the dataset. We 
categorized those metrics to three classes based on the related collected data. Those classes 
are: Video content related measures, interaction related measure and user related measures 
Table 7. 
 

Table 7. Metrics Collected for the study 

 
We develop interaction profiles for videos in the dataset (9076 videos) to classify them 

according to number of interactions associated with them. We used Tableau software to 
visualize the big number of users’ interactions which have been posted over years in 
Box–Whiskers plots. Fig. 11 shows different plots that represent distributional patterns of 
interactions in each domain separately over years. Math and Science related plots show that 
the interactions’ distribution over years follows power law but with many outliers in 2011. 
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Fig. 11. Box Whiskers Plots showing Distributional Patterns of Users Interactions in each Domain 

 

Arts & humanities and Economics & finance plots also follow power law but with some 
fluctuations in distribution. In Arts & humanities, the median of 2016 has raised to 94 
interactions per video which is almost double of 2015’s median then it dropped down to 28 
interactions in 2017. Computing plot shows that videos posted in 2014 gained the highest 
number of interactions with a median of 163 interactions. It shows also that no new videos 
were published during 2017 and only one is published in 2018 which gives indication that 
computing domain is not a popular one anymore. This may be due to the high competition in 
different computing specialized repositories. Test prep and college careers more plots show 
that total interactions follow Poisson distribution over years. Test prep interactions’ 
distribution reached its peak with videos published in 2016 with a median of 65 interactions 
per video while college careers more reached its peak in 2014 with a median of 32 interactions. 
Another Box Whiskers plot was conducted to present the overall distributional patterns of 
those interactions with all videos from all domains together Fig. 12. 
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Fig. 12. Box Whiskers Plot showing total Users Interactions 

 

 Fig. 12 illustrates the overall median for total interactions across all domains in the dataset 
which is 104.5 interactions per video. The upper quartile is 266 interactions while the lower 
quartile is 39. According to that, we classified videos into three profiles based on number of 
interactions. Those three profiles are: high interaction profile, medium interaction profile and 
low interaction profile Table 8. 

 

Table 8. Number of KA Learning Objects per Domain per Statistical Profile 

 
 Low interaction profile considers learning objects with number of interactions that falls below 
the interquartile range. This includes videos with (1 to 38) interactions. This category was 
found to be the largest one by including most of learning objects in the dataset (4266 videos. 
1009 learning objects of them are related to science. The second-high domain is math with 884 
videos while the lowest contribution is for computing with only 3 videos. 

Medium interaction profiles include learning objects with number of interactions belongs 
to the interquartile range (39 and 266 included. This category contains 3626 videos. The 
highest contribution is for math domain with 1548 videos while the second is science with 
1051 videos. The lowest contribution is for college careers more domain with 33 videos.  

To consider the learning object as a high interaction profile, number of interactions must be 
above interquartile range which means above 266. This profile includes 1184 videos only. The 
highest number of interactions was for “What is Programming?” learning object from 
computing domain which reached 9454 interactions. 



2116                                                                                          Yassine et al., “Statistical Profiles of Users’ Interactions with Videos 
in Large  Repositories: Mining of Khan Academy Repository 

5.3 Analyzing the reactions of Videos’ Profiles’ toward different metrics: 
Analysis was conducted to test relationship between some metrics and number of interactions 
used to develop interaction profiles. The analysis was conducted on each profile separately to 
compare their patterns. 
5.3.1 Relationship between Domain and Number of Interactions: 
Pearson Chi Square test and Phi & Cramer’s V test was applied in Table 9 to measure the 
strength of association between the type of video’s domain and number of interactions posted 
on the same video. Chi Square test showed a significant association between them in low 
interaction profile. Having a Phi value of (0.417, 0.000) indicated that this relation is a strong 
positive one. On the other hand, Chi Square test for medium interaction and high interaction 
profiles showed that there is no statistically significant association between domain’s type and 
number of interactions.  

Table 9. Testing Domain vs. Total Number of interactions 

 
5.3.2 Relationship between OER’s Publishing Year and Number of Interactions: 
We applied Pearson Chi Square test and Phi & Cramer’s V test in Table 10 to measure the 
strength of association between video’s publishing year and number of interactions posted on 
the video. Chi Square test showed that there is a strong positive significant relation between 
them for the low interaction profile videos. Although it is less significant than low interaction 
profiles, but still medium interaction profile showed a statistically significant association with 
publishing year. Chi square test for high interaction profile showed that there is no significant 
relationship between publishing year and number of interactions. 
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Table 10. Testing Publishing Year vs. Number of interactions 

 
5.3.3 Relationship between Number of Interactions, video length and reuse 

rate: 
A Regression analysis (Table 12 and Table 13) was applied to find relationship between 
number of interactions as a dependent variable and video length and number of video reuses in 
different subjects, those two variables were considered as predictors. ANOVA test showed 
significant associations for all interaction profiles. The resulted regression models for each 
profile have the following appearance Table 11. 
 

Table 11. Results of regression models for each profile 
Low Interaction Profile:  
Medium Interaction Profile:  
High Interaction Profile:  

Where  represents the estimated value of number of interactions related to videos in a specific 
profile and  represents video length. Different coefficients indicate that there is a weak 
positive correlation. The high interaction profile specifically can be ranked as the highest one 
in terms of the correlation between video length as independent variable and number of 
interactions associated with the video.  represents number of video reuses in different 
subjects. The coefficients show a significant positive association between reuse rate and 
number of interactions. This association is weak in low interaction profile while it is strong in 
the high interaction profile. 
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Table 12. Testing Video Duration and Number of Reuses vs. Number of interactions ANOVA Test 

 

Table 13. Testing Video Duration and Number of Reuses vs. Total Number of interactions Coefficients 
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6. Conclusions and outlook 
In this paper, we presented a large scale of data driven analyses on evolution of Khan 
Academy’s repository and its characteristics. We analyzed data that has been gathered using 
KA’s API and web scraping techniques. We studied a collected dataset of KA’s instructional 
videos, their characteristics and their users’ interactions. Our descriptive analyses include 
general analysis related to the repository itself such as: videos duration, number of completed 
videos by users and users’ geographical distribution and they include interactions related 
analysis, such as: number of interactions per video, their distribution around KA contents and 
we clustered the videos according to those interactions. We developed interaction profiles 
based on the total number of questions and answers posted by users on those videos. Those 
profiles were categorized into three categories based on number of interactions associated with 
them. We tested their relationship with different characteristics such as domain which reflects 
the type of content, publishing year which reflects the age of video, video length and reuse rate 
which shows how many times the video is used in different subjects. The low interaction 
profile videos showed a strong significant correlation with all those characteristics. Medium 
interaction profile showed a correlation with publishing year, video length and reuse rate but 
there is no significant relation with domain’s type. High interaction profile showed no 
correlation with domain’s type and publishing year but there is still a significant relation with 
video length and reuse rate. 

Our results show that the most significant variables that affect number of interactions in all 
profiles are reuse rate and video length. This is because most of the users prefer short videos 
although they may attend to somewhat longer videos if it is justified [22], but they still get 
bored of the long videos especially if they are without any segmentation. Reusing the 
instructional video in different places, sites and learning repositories increases its watching 
rate which will definitely raise the users’ interaction rate as well. The developed interaction 
profiles method can play a good role in creating an automated model for videos’ quality 
evaluation especially if we know that Khan Academy doesn’t offer rating options to its 
instructional videos and they don’t show any method to measure the quality of those objects. 

The presented work has limitations, but it can still be an introduction to further research 
attempts. One limitation is that the implemented study covered only videos which are the most 
common type of learning objects in KA repository, but it didn’t include other types of objects 
such as exercises. Another limitation is the analyzed interactions include posted questions and 
answers only. There are many types of users’ interactions and all of them can present different 
indications regarding the quality of learning process. A third limitation is that we gathered 
users’ interactions regardless the quality of their content. Content of the posts might be core 
concern related to the content of video or it can be irrelevant. 

Interacting with instructional videos is an interesting activity for millions of users. A 
massive number of interactions can be turned in to valuable information that informs 
instructional designers and learners. A dynamic analysis process for those rich interactions’ 
datasets implemented in regular basis [23] will offer opportunities for enhancing the whole 
learning process in general and the quality of learning objects specifically. Studying users 
interactions and understanding their behavior definitely will help in making better educational 
content and learning technologies [24]. More advanced future analysis can include the whole 
interactive environment provided by Khan Academy as a virtual classroom which includes not 
only instructional videos but also slides, lecture notes, exercises and interactive buttons. 
Linking this whole picture to the impact on education will contribute in enhancing students’ 
learning performance, efficiency and the whole experience [25]. Other promising results can 
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be found through analyzing the content of users’ interactions to define their behavioral 
patterns and study their engagement. As we know that KA videos are used widely and reposted 
in many different repositories, more promising results can be associated in analyzing KA 
videos that are reused outside the repository. KA repository is a huge repository connecting 
thousands of users around the world who are producing millions of interactions. This rich 
environment can be useful ground for fruitful research projects that attracts researchers from 
different backgrounds. 
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