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Abstract:

The aim of this study is to open up criteria of instructional videos through a search of the scientific literature.
Shoufan (2019) tested the Video Cognitive Value (VCV) of instructional videos as a function of cognitive and
other characteristics. Here, the VCV is formed from the likes and viewing counts. Based on Shoufan’s results,
the present study aims to answer the following two research questions: 1. Can comparable correlations be
reproduced for instructional videos from another subject area? 2. Can the correlations be further explained
by criteria regarding the instructional design? For this purpose, 100 videos using the YouTube API were
collected. Multiple linear regression analyses were performed. However, only 9% could be explained by
cognitive characteristics and 5% by instructional design criteria of the total variance in VCV. The recent study
could not reproduce Shoufan’s results and supplementary criteria could not explain further data variance.
With regard to the literature, criteria such as likes and viewing counts cannot describe the instructional quality
ratings of instructional videos. More promising approaches to evaluate quality perception of instructional
videos (e.g., comments) are mentioned.

1

INTRODUCTION

YouTube, Vimeo, and Dailymotion are online video
repositories in which videos are made available.
Users can view, review and share video clips on an
extensive variety of content which includes film clips,
television shows, music, instructional videos, vlogs
or videoblogs, as well as amateur videos. The instructional potential of video technology is promising. Sundar Pichar reported that in 2020 77% used
YouTube to learn a new skill (Alphabet Investor Relations, 2021). It is, therefore, crucial to ask which
evaluation criteria can help to characterize a ”good”
instructional video. This is challenging due to the
fact, that every subscribed member can upload videos.
This feature has led to an apparent redundancy in
content as well as significant quality differences between videos. Thus, finding a high-quality instructional video can be challenging. Both, the available
filters that can be applied while searching for a video
and the offered sorting criteria seem to be less helpful
in finding instructional videos with the desired quality. Research regarding the quality ratings of instructional videos is still missing. In contrast to other social media technologies, such as Facebook, Youtube
seems to be an under-researched platform in research

on educational technologies (Khan, 20217).
A recent study by Shoufan (2019) investigated
105 YouTube videos using Learning Analytics (Long
and Siemens, 2011) related to computer science education and the topic of digital logic design. In this
study, the author tries to analyze possible correlations between descriptive (e.g., likes, dislikes, viewing counts) and contentwise (e.g., production style)
characteristics. In doing so, Shoufan relies on the cognitive theory of multimedia learning (Mayer, 2005) to
derive factors that favor a positive perception of an
instructional video. The present study addresses to
1. reproduce and test Shoufan’s model within another
subject area (public health instead of digital logic design), 2. derive further factors that explain a certain
amount of the total variance of instructional video
quality, and 3. critically review the current state of
methodology research regarding the quality perception of instructional videos.

2

RELATED WORK

It is crucial to identify and specify the factors that
contribute to the quality perception of instructional
videos. Determining such factors is the first step to-
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wards an aware production or selection of videos that
support learning. Concerning this matter, Papamitsiou and Economides (2014) identified the organization and recommendation of educational resources as
one of the significant, yet not sufficiently handled issues in the learning analytics and educational data
mining research. This, specifying the quality features of instructional videos is an urgent requirement
to support video producers, platform providers, and
instructors.
Shoufan (2019) investigated the relationship between the quality of an instructional video and how
many likes, dislikes, and views the video received.
Therefore, Shoufan developed a formula for the quality rating of an instructional video based on the number of likes, dislikes, and views. Shoufan calls this
function the Video Cognitive Value (VCV). Shoufan
identified ten different cognitive features proposed in
the cognitive theory of multimedia learning (Mayer,
2005) to significantly explain the variance of the VCV
(e.g., principles of modality, pretraining, signaling,
embodiment). Only four features (e.g., modality, spatial contiguity) were significant, even if the regression model was generally suitable to predict the VCV
with an adjusted R-square value of 63%. Moreover,
Shoufan found general features regarding production
style (e.g., slide presentation style, talking speed)
to affect the VCV. These results suggest that cognitive features are highly important for the VCV. However, more research is required to identify and specify
other cognitive and non-cognitive features that affect
VCV and improve the predictive models. Therefore,
the authors add instructional features. Kulgemeyer
(2018) formulates 13 criteria of successful instructional videos. These include coherence, adaption to
prior knowledge, prompts, summaries, learning tasks,
and examples.
Shoufan mentioned the limitations of his chosen
subject area: ”This raises the question whether the results can be applied to other subjects. Future studies should answer this question.” (Shoufan, 2019, p.
457). Therefore, the present study aim to verify his
results within an own investigation. The following research question arises here:
RQ1: Can the relationships observed by Shoufan
(2019) between VCV and cognitive features also be
confirmed within instructional videos from another
subject area (public health)?
A second comment by Shoufan was that ”The
study of instructional explanations can be of high
relevance to the analytics of educational video because the explanation is typically the sole instructional method in such videos.” (Shoufan, 2019, p.
458). For this purpose, the guidelines by Kulge-

meyer (2018) were added, which has already been
used to examine the explanatory quality of instructional videos for physics classes.
RQ2: Is it possible to find correlations between
the features of instructional design of instructional
videos and the data variance of the VCV?

3

MATERIAL AND METHODS

The procedure of the study up to the final evaluation
can be divided into four sub-steps: pre-selection, collection, assessment, and evaluation.
For the pre-selection of the videos, a catalogue of
search terms related to topics from public health was
created. For this purpose, a topic overview of public
health was collected (Schwartz et al., 2012; Leopoldina et al., 2015; Kahane et al., 2021; Thurston, 2014)
and compared with the GEDA study of the Robert
Koch Institute (Heidemann et al., 2021) for typical
disease patterns in Germany. Added to this, listings, such as those of the health insurance companies
(Czysz, 2021), and supplementary figures (Bernickel,
2020) were used to generate a random sample of typical disease patterns in Germany. Based on these studies, the authors focused on 1. non-communicable disease types regarding mind, disorders, digestion, musculature, and skeleton, and 2. communicable diseases, for which respiratory diseases were selected as
a sample. An exception are the search queries on ”assisted suicide” and ”loneliness”, which are exemplary
for current (Wojtek, 2020) and future tasks (Giffey,
2021) of public health policy. Table 1 shows the final
topics and video numbers of the research sample.
Table 1: Selected topics and their frequency.

Subject area of the instructional videos
Depression
Diabetes
Loneliness
Joint and back pain
Healthy diet
Influenza
Psychosis
Stroke
Assisted suicide

Count
7
21
3
12
11
11
16
15
4

The technical basis of the survey uses the
YouTube Data API to search for videos with defined
parameters and listing the metadata of the videos
searched for. Python was used as the programming
language for the query and the initial processing of
the data. The code was written in such a way that one
search query resulted in up to 50 videos, preferably in
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German language. The video lists collected this way
were transferred as entries to a dictionary (video title,
video ID, channel title, and video category). For each
of the videos, the required metadata was queried in a
loop with its specific VideoID, i.e., number of views,
(dis)likes, number of comments, and duration. With
the help of the module Pandas, a data frame was generated as well as sorted, the numerical entries were
converted, and the empty columns with the categories
and a clickable link to the video were added. Following this, the data frame was exported as a spreadsheet
ready for the video rating.1
For the video evaluation, only videos between one
and 60 minutes were examined, only videos in German language were included and the format had to be
a strictly instructional video. The survey and evaluation took place between August and October 2021.
The videos were viewed individually and the characteristics were checked to see if they applied. For this
purpose, a guideline of the criteria was created as described by Shoufan (2019) and Kulgemeyer (2018).
The automatically generated transcripts were used to
calculate the words per minute. If none were available, a transcript was created for a one-minute section
and extrapolated to the total duration. All inputs were
recorded in the table. The rated videos were merged
after a target sample of 100 was reached. For evaluation, the table was then processed with SPSS and the
results were analysed.

4

RESULTS

In the survey, a total of 100 videos with a total duration of over 15 hours (15:05:43) were evaluated. All
videos analysed were in German language and covered nine topics, e.g., diabetes (highest sample N =
21) or loneliness (lowest sample N = 3). Following Shoufan’s methodology, the videos were divided
into different production styles. The most common
style was talking head (N = 48) and mixed styles
(N = 25), mostly supplementing slides or animations.
Khan style videos were not represented at all. The
average video length was about nine minutes, which
is also close to the results of other studies (Erdem
and Sisik, 2018; Cetin, 2021) For the topics surveyed
here, the total of all video views is 21,409,114, the
likes 474,254 and the dislikes 9,958.
Shoufan (2019) generated the Video Cognitive
Value (VCV) from the number of Likes (NL ) with his
defined coefficient Cognitive Weight of Likes (WL ) and
1 The

code and the searchstring will be made available
on request.
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the number of views (NV ). The formula is:
VCV =

WL ∗ NL
∗ 104
NV

Including the dislikes was dropped due to the asymmetrical distribution of likes to dislikes. For this purpose, a so-called engagement ratio of likes and dislikes was calculated by dividing each by the sum of
all views. The average engagement ratio for likes was
EL = 0.02215, for dislikes ED = 0.00047. The factor discernible from this for the asymmetry in likes
and dislikes described by (Shoufan, 2019) was therefore A = EEDL = ∑∑ NNDL . The present study gained values
from A = 47.127 to 47.625, thus corresponds to a factor for asymmetric commitment of ”A > 47” which
is significantly higher than the factor observed by
Shoufan (A > 20). Shoufan states that further research
is needed on this aspect in order to include the ”hidden
likers and dislikers” in the calculation and to improve
the assessment of these. Nevertheless, the Cognitive
Weight of Likes (WL = 0.733) is used as a coefficient
for the formula. Unfortunately, the exact derivation of
the value is not made clear, just that it is based on a
survey Shoufan conducted. For the present study, the
value was therefore applied exactly.
In order to follow up on the observations made
by Shoufan (2019), the videos selected in the present
study were analysed in five tests, adding the criteria
by Kulgemeyer (2018).
In the first test, the ten cognitive traits mentioned
by Shoufan (2019) were examined. This multiple linear regression analysis revealed that only 10% (adjusted R-Square = .099) of the data variance of the
VCV could be explained. In contrast, Shoufan (2019)
was able to explain 63% of the data variance by cognitive traits. In the present study, personalization
(t = 2.403, p > .01), signalling (t = −1.699, p < .10),
and embodiment (t = 1.686, p < .10) proved to be
significant, even if only slightly.
In the second test, we examined production styles.
Only 5% (adjusted R-Square = .055) of the data
variance could be explained. None of the production styles proved to be significant. Shoufan (2019),
on the other hand, was able to explain 56% of
the VCV, mainly through the production styles paper/whiteboard, slides, and Khan.
In the third test, the four additional characteristics, i.e., video length, speaking rate, gender and
mother tongue were tested. The authros found that
17% (adjusted R-Square = .170) of the data variance could be explained. The significant values were
gender (t = −2.685, p < .01). and mother tongue
(t = −3.861, p < .001). Shoufan (2019) reached to
59% and was able to significantly explain this value
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Table 2: Results of the regression analyses: VCV as a function of cognitive features and criteria of effective instructional
videos.

Test

Predictor Variables

Adjusted
R-Square

Standard
Error of
Estimates

1

Cognitive features

9.9%

97.9

2

Video production style
Video length and speed, speaker
gender and native language
Effective explanation videos
features

5.5%

100.2

17%

94.0

5.6%

100.3

21.6%

91.3

3
4

All significant features from
previous tests

5
∗

Significant Variables
Person***
Signal*
Embodiment*
Gender***
Native*****
DirectAd**
Prompts**
Gender**
Native*****
Prompts**

Regression
Coefficients
73.6
-62.4
68.7
-60.2
-169.4
55.1
41.6
-50.8
-142.5
44.7

: p-value < 0.1,∗∗ : p-value < 0.05,∗∗∗ : p-value < 0.01,∗∗∗∗ : p-value < 0.005,∗∗∗∗∗ : p-value < 0.001

Note. DirectAd = Direct Adressing of Learners.
by the characteristics of speech tempo and mother
tongue.
In the fourth test, which is complementary to the
study by Shoufan (2019), the 14 criteria of effective
explanation videos by Kulgemeyer (2018) were analysed. As a result, the authors obtained an adjusted
R-Square of .056, i.e., more than 5%. The criteria
with low significance were addressing the addressee
directly (t = 2.377, p < .05) and giving prompts on
relevant content (t = 2.282, p < .05).
In the final test, the authors integrated all significant values. It could explain more than 21% (adjusted
R-Square = .216) of the data scatter for the VCV. The
significant criteria were gender (t = −2.267, p < .05),
mother tongue (t = −3.182, p < .005) and prompts
(t = 2.282, p < .05). Table 2 provides an overview of
the results.

5

DISCUSSION

The present study failed to find the correlations between the cognitive traits proposed in the cognitive
theory of multimedia learning (Mayer, 2005) and
VCV postulated by Shoufan (2019). While up to
63% of the data variance of VCV was explained in
Shoufan (2019), the regression analyses of the present
study yielded few to barely significant results. Less
the cognitive traits, but other characteristics such as
gender and native language could significantly reveal
variance. Formal differences between the studied subject areas could be responsible for this. The topic of
public health addresses a different target group with

different characteristics (e.g., prior knowledge, motives), which significantly influences rating behavior
and thus VCV.
The authors also failed to use instructional parameters (Kulgemeyer, 2018) to explain more variance in
VCV. The 13 criteria together could only explain 5%
of the data variance of the VCV. The only significant
two values include direct addressing and prompts to
relevant content.
Regarding both research questions, the authors
missed detecting significant correlations. The five regression analyses could not explain the data variance
of VCV significantly, whether these with cognitive
features (Shoufan, 2019) nor those with criteria for
good instructional videos (Kulgemeyer, 2018). The
authors conclude, to assess the subjective cognitive
value of an instructional video, the VCV as a value is
to be questioned. First, the range of VCV (13-443) is
extremely wide, which makes it difficult to assess the
significance of individual values. Second, the VCV is
composed of the numbers of likes and views. However, these numbers are more meaningful in terms of
the popularity of a video, rather than its perceived
quality (Welbourne and Grant, 2016). Wolf and Kulgemeyer (2016) have also described that it is not only
the perceived quality of the explanations in instructional videos that are rated, but also the perceived liking towards the instructor in the video and the use of
impressive media.
This work aimed to investigate instructional
videos, to research them using a given methodology,
to extend this methodology and to critically question
its practicability. The VCV has not been shown to
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be an appropriate measurement to describe the quality ratings of instructional videos. Other investigated
methods are still missing. Currently, however, evaluating a video’s quality is still best carried out by
hand and with various measurement tools that target
the content of the instructional video. It is, therefore,
necessary to take into account the content orientation
of the instructional video. For this purpose, there are
already various evaluation approaches from professional disciplines (Hartung, 2020; Kulgemeyer, 2020;
Okagbue et al., 2020; Uebing, 2019). The question is
whether it would be possible to develop a framework
that is either so modular that it can be adapted depending on the subject area or so abstract that different
subject areas are thereby taken into account. However, what features reliably make up a good instructional video remains to be examined. Many things
can be studied for this purpose (e.g., eye tracking).
Moreover, the click behavior when searching for and
watching the videos (Fyfield et al., 2021) could be investigated. One of the most promising approaches
seems to be comments. In this regard, Kulgemeyer
and Peters (2016) already noted connections between
physical instructional videos found to be good and the
number of content-related comments.
In general, a current development is important to
note. Youtube recently abolished the possibility to see
the number of dislikes for a video. This means that
further research on possible influences of dislikes for
the quality perception of instructional videos can no
longer be conducted directly. In principle, however,
there is a great need for research in order to be able to
describe the quality perception of instructional videos
in more detail.

REFERENCES
Alphabet Investor Relations. Alphabet q1 2021 earnings
call.
Bernickel, R. Mobilität - Arbeit - Gesundheit: Zahlen,
Daten, Fakten [Mobility - Work - Health: Figures, Data, Facts]. Number 2020 in BKK Gesundheitsreport. Medizinisch Wissenschaftliche Verlagsgesellschaft.
Cetin, A. Evaluation of YouTube video content related to
the management of hypoglycemia. 13(1):7.
Czysz, A. Zahl der arztbesuche und häufigste krankheiten
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