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Finding high-quality educational content on YouTube can be a time-consuming and frustrating task for viewers seeking tutorials on
various subjects. In this research paper, we present a machine learning model designed to assess the quality of YouTube tutorials
by analyzing metrics such as likes, dislikes, comments, and views, and then assigning a rating out of five stars. By leveraging this
model, viewers can streamline their search process and enhance their overall experience by easily identifying the most valuable
and informative tutorials. We trained our model on a large dataset of 50 different YouTube tutorials, and when we matched its
predictions to Chat GPT’s ratings out of 5 based on the YouTube video transcripts, we found that it was quite accurate on the
testing data, having a mean squared error (MSE) of 0.06. We asked Chat GPT to rate the YouTube tutorial transcript on a scale
from 1 to 5 based on efficiency, quality, and use of demonstrations. This demonstrates the model’s effectiveness, consistently
matching Chat GPT’s human-like ratings and thereby reinforcing its reliability in determining the quality of tutorials. Chat GPT’s
reviews are trained on actual reviews given by people online, therefore it’s safe to assume that Chat GPT can very closely represent
an average human’s opinion when provided the script for the YouTube video. Additionally, our research unveils an unexpected
finding—the model’s versatility extends its applicability beyond tutorials to regular entertainment videos, revolutionizing video
content assessment across diverse genres and types on YouTube, further improving the viewer experience.

Introduction

YouTube has become a vast repository of educational and en-
tertainment content, with tutorials on various subjects being
a significant part of its offerings. However, the sheer volume
of videos presents a challenge for viewers, as not all tutorials
provide the same level of value, information, and quality. Con-
sequently, finding high-quality tutorials can be a daunting and
time-consuming process. This study aims to address this issue
by introducing a machine learning model capable of objectively
assessing the quality of YouTube tutorials and providing the
video rating out of five stars. Furthermore, the model’s sec-
ondary goal is to assist creators with optimizing their videos.
The rating may give creators a better framework to create videos,
and also help them easily compare different videos and how they
meet consumer satisfaction.

Prior research has explored analyzing comments specifically
on YouTube, but few studies have focused specifically on evalu-
ating the quality of individual tutorials based on all of its metrics.
Siersdorfer et., al, (2010)1 proposed a model somewhat similar
to ours in the fact that it analyzed the positivity of the com-
ments on a YouTube video, and then used that to figure out the
overall rating of the video. The study analyzed a vast dataset
of over 6 million comments on 67,000 YouTube videos. The
researchers investigated the relationships between comments,
views, comment ratings, and topic categories. Additionally, they

examined how the sentiment expressed in comments influenced
their ratings, using the SentiWordNet thesaurus.

R.Singh & A. Tiwari, (2021)2 scraped YouTube comments
and measured the attitude of the user towards the video they
commented on . This study addresses the challenge of extracting
meaningful trends from YouTube comments due to their low
information consistency and quality. The researchers perform
sentiment analysis on comments related to popular topics us-
ing various machine learning algorithms. They aim to identify
trends, seasonality, and forecasts in sentiments to understand
the influence of real-world events on public sentiments.

Ashgar, et., al. (2023)3 used another sentiment analysis
model to analyze the opinions about certain YouTube videos
based on the comments left by other users . They provide a brief
summary in order to demonstrate the techniques used to run a
sentiment analysis model on youtube comments. One method in
particular categorized YouTube comments into 4 different types:
short syllable comments, advertisements, negative criticism, and
absurd ranting. This study is outdated, so we found it of use to
update their findings in the new online landscape.

The relevance and significance of this research lie in its poten-
tial to significantly enhance the viewer experience on YouTube.
By simplifying the process of finding high-quality tutorials, our
model allows users to make more informed decisions about the
content they consume. This, in turn, benefits content creators
by directing more viewers towards valuable tutorials. Moreover,
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our model’s unexpected versatility, capable of assessing regular
videos as well, opens up new possibilities for content evaluation
on the platform.

In the subsequent sections, we will delve into the gathering
data for and training of our machine learning model, the vari-
ables used in the training datasets, and the evaluation of the
model’s performance. We will present testing on data points that
are beyond our training and testing data, which will demonstrate
the model’s accuracy and reliability in assigning ratings to tutori-
als. Furthermore, we will discuss the broader implications of our
model’s potential applications beyond tutorials, paving the way
for more efficient content discovery on YouTube. Overall, this
research contributes a valuable tool to the YouTube community,
promoting a more rewarding and efficient viewing experience
for users and creators alike.

Results

Now that we collected all of the data to train our model, we em-
ployed various machine learning models to perform sentiment
analysis on YouTube comments. The primary model utilized
was the Random Forest Regression model, which yielded an
average mean squared error (MSE) of 0.06, indicating its rel-
atively high predictive performance. Our testing data was set
to 25% of our overall data. We used MSE because when the
model predicted the star rating for each video, came out to be a
decimal, something like 3.24. To combat this, we used the MSE
to test the accuracy, so it could measure how far the prediction
was from the actual star rating. Following closely was the Linear
Regression model, generating a MSE of 0.195. Other models
were also considered which didn’t have the best accuracy, includ-
ing Logistic Regression with a 60% accuracy rate, SVM with
20% accuracy, Decision Tree with 10% accuracy, Naı̈ve Bayes
with 20% accuracy, and Neural Network with a 40% accuracy.
These results offer insights into the comparative effectiveness
of different models in capturing the sentiment patterns within
the YouTube comments dataset.

In Table 1, we present the standard deviation values observed
across each star rating category in the Random Forest Regression
Model. The standard deviation is a measure of the dispersion or
variability of the data points within each category. For example,
if we look at figure 4 we can see that the standard deviation
across 1-star ratings if 0.14572, which is the absolute value of
difference between the predicted star rating and the Chat GPT
star rating. This means that on average, when we compare the 1-
star rating of Chat GPT to the predicted star rating of our model,
it is on average 0.14572 off. Our Random Forest Regression
model’s total standard deviation was 0.236, which means that, on
average, the predicted star ratings for comments in the YouTube
dataset differed from the actual star ratings given by Chat GPT
by 0.236. This indicates that the model’s predictions were, on
average, approximately 0.236 stars away from the true ratings

assigned by Chat GPT. The total standard deviation value gives
us an overall measure of the model’s accuracy in predicting
star ratings for comments on the platform. Lower values for
the standard deviation indicate more accurate predictions, while
higher values suggest more variability or less precision in the
model’s estimations.

Table 1: The standard deviation of each star rating

When we got a summary on our linear regression model, we
found that the R-squared was 0.945. The R-squared value of
0.945 obtained from the Linear Regression model indicates an
exceptionally strong correlation between the features (indepen-
dent variables) and the target variable (star rating out of 5).

We now present results from the linear regression summary,
delving into each coefficient and p-value for each independent
variable, providing insights into the significance and influence
of these variables in the star ratings out of 5 provided by Chat
GPT.

1. View to like ratio:
Coefficient: 0.0086
P-value: 0.008
The coefficient of the view to like ratio is 0.0086, indicating
that for every one-unit increase in the view to like ratio,
the star rating out of 5 is estimated to increase by 0.0086
units, assuming all other variables remain constant. The
p-value of 0.008 is less than the significance level of 0.05,
indicating that this coefficient is quite significant. There-
fore, the view to like ratio has a meaningful impact on the
star rating.

2. View to comment ratio:
Coefficient: 1.807e-05
P-value: 0.910
The coefficient of the view to comment ratio is 1.807e-05,
indicating that for every one-unit increase in this variable,
the star rating out of 5 is estimated to increase by 1.807e-05
units, which is a very small value. The p-value of 0.910
is greater than the significance level, implying that this
coefficient is not statistically significant. Consequently, the
view to comment ratio may not have a significant influence
on the star rating out of 5, and its inclusion in the model
may not be all that critical.
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3. View to dislikes ratio:
Coefficient: 2.531e-05
P-value: 0.861
The coefficient of the view to dislikes ratio is 2.531e-05,
indicating that for every one-unit increase in the view to
dislikes ratio, the star rating out of 5 is estimated to increase
by 1.807e-05 units, which is again a very small value,
similar to the previous variable. Similarly, the p-value of
0.861 is greater than the significance level, indicating that
this coefficient is not very significant.

4. Like to dislike ratio:
Coefficient: 0.0014
P-value: 0.734
The coefficient of the likes to dislikes ratio is 0.0014, mean-
ing that for every one-unit increase in the likes-to-dislikes
ratio, the star rating out of 5 is estimated to increase by
0.0014 units. The p-value of 0.734 is greater than the
significance level, indicating that this coefficient is not sta-
tistically significant. As a result, the likes-to-dislikes ratio
may not be a strong predictor of sentiment in YouTube com-
ments, and its inclusion in the model may not significantly
contribute to the star rating out of 5.

5. Comment’s mean sentiment score:
Coefficient: 9.8272
P-value: 0.000
The coefficient of the comment’s mean sentiment score
is 9.8272, meaning that for every one-unit increase in the
comment’s mean sentiment score ratio, the star rating out
of 5 is estimated to increase by 9.8272 units. The p-value
of 0.000 is far below the significance level, indicating that
this coefficient is highly statistically significant. Hence, the
comment’s mean sentiment score has a substantial impact
on the star rating out of 5.

In conclusion, the linear regression summary provides valu-
able insights into the significance of each independent variable
in predicting the star rating out of 5. The results indicate that the
view to like ratio, and particularly the comment’s mean value,
are highly significant predictors of the star rating. On the other
hand, the view-to-comment ratio and view-to-dislikes ratio are
not the most significant predictors, while the likes to dislikes
ratio has only a marginal impact. These findings can aid content
creators, marketers, and platform administrators in understand-
ing the factors that influence how the public feels about a certain
YouTube video. Figure 1 presents a bar chart depicting the indi-
vidual importance of each independent variable in the analysis,
represented by their respective coefficients. Unlike the linear
regression model’s summary, which considers the joint impact
of all variables while controlling for other factors, this chart
highlights the isolated influence of each variable without the
”noise” introduced by other variables’ interactions. By isolating

the variables’ impacts, the bar chart allows us to gain a clearer
understanding of the relative importance of each independent
variable in influencing the dependent variable, which in this
case is the star rating provided by Chat GPT. It is worth noting
that we dropped an independent variable called engagement rate,
which was calculated by doing “likes + comments / duration of
the video”, which turned out to be not that helpful, and having
very little impact on the dependent variable, which used to be
reflected in this bar chart.

Fig. 1 A bar chart that represents the amount of importance for each
independent variable on the dependent variable

In Figure 2 we have a heatmap, which represents
the correlation matrix between the star rating, the de-
pendant and the independent variables (view to like ratio,
view to comment ratio, view to dislikes ratio, likes to dislikes,
and comments mean value). The correlation values range from
-1 to 1, where -1 indicates a perfect negative correlation, 1 indi-
cates a perfect positive correlation, and 0 indicates no correlation
between the variables. Analyzing the heatmap, we will now ob-
serve the following relationships to the star rating:

Strong Negative Correlation with view to like ratio to star
rating (-0.526249):
Moderate Positive Correlation with view to comment ratio to
star rating (0.236464):
Moderate Positive Correlation with view to dislikes ratio to
star rating (0.472207):
Moderate Positive Correlation with likes to dislikes to star
rating (0.470469):
Strong Positive Correlation with comments mean value to star
rating (0.850395):

The star rating shows a strong positive correlation with the
mean sentiment score of comments. As the average sentiment
expressed in comments becomes more positive, the star rating
tends to increase significantly. This indicates that comments
with more positive sentiments are associated with higher star
ratings for the video.

In conclusion, the view-to-like ratio, view-to-comment ratio,
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Fig. 2 A heatmap that represents correlations across the variables

view-to-dislikes ratio, likes-to-dislikes ratio, and the mean senti-
ment score of comments are all significantly related to the star
rating. The insights gained from this analysis can be utilized
to understand the factors influencing user sentiments and en-
gagement on YouTube, helping content creators and platform
administrators to optimize content and foster a more positive
user experience on the platform.

In Figure 3, we observe the distribution of star ratings ranging
from 1 to 5, as generated by Chat GPT. An important obser-
vation from the distribution is that the ratings of 3 and 4 were
substantially higher in frequency compared to ratings 1, 2, and
5. This uneven distribution of ratings implies that a considerable
proportion of Chat GPT’s ratings provided feedback with ratings
of 3 and 4, while ratings 1, 2, and 5 were less prevalent in the
dataset.

The uneven distribution of ratings may have implications for
the model’s predictions and potential biases in its performance.
Since the data is weighted towards ratings 3 and 4, the model
may be more inclined to predict outcomes closer to these ratings.
As a result, the model’s predictions could tend to be biased
towards the moderate and positive sentiment levels represented
by ratings 3 and 4, respectively. For example, when asked to
predict the sentiment of a new YouTube comment, the model
may be more likely to assign a rating close to 3 or 4 due to the
higher frequency of these ratings in the training data. This might
result in an underestimation of negative sentiments (ratings 1
and 2) and an overestimation of positive sentiments (ratings 4
and 5). We did not address this issue, but a way we could have
worked around this imbalance in data is giving more data for
other data points so that the data will be even.

It is important to be aware of this potential bias when in-

Fig. 3 A bar graph displaying the frequency of different star ratings

terpreting the model’s predictions. While the model may be
accurate in predicting sentiments close to ratings 3 and 4, its
performance on extreme ratings (1 and 5) could be less reliable
due to the limited representation of such ratings in the training
data.

In Table 2, we present the results of testing our Random
Forest Regression model on a new dataset, which consists of
four different videos with their corresponding independent vari-
ables, Chat GPT’s star ratings, and predicted star ratings by our
model. The primary objective of this analysis was to evaluate
the model’s performance on data that it had not encountered
during training, enabling us to assess its ability to generalize and
make accurate predictions on unseen samples. After evaluating
various machine learning models, we found that the Random
Forest Regression model yielded the best results with a mean
squared error (MSE) of 0.06. Linear regression provided the
second-best performance, achieving an MSE of 0.195. Other
models were also assessed, including logistic regression with
60% accuracy, support vector machines (SVM) with 20% accu-
racy, decision trees with 10% accuracy, Naı̈ve Bayes with 20%
accuracy, and neural networks with 40% accuracy. The Random
Forest Regression model outperformed all other models in terms
of accuracy and minimizing the mean squared error.

Upon analyzing the results, we observe that the predicted star
ratings are quite close to Chat GPT’s star ratings, indicating that
the model is capable of making reasonably accurate predictions
on unseen data. For example, in the first video represented by
video link ”NRnaMCNOK7Y,” the actual star rating is 4, and
the model’s prediction is 4.32, which is a close approximation.
Similarly, for video ”REas9cmjlic,” the actual star rating is 3,
and the model predicts a rating of 3.22. The model’s average
deviation from Chat GPT’s star rating is 0.22, which is not bad
at all. We made sure that the model was not overfitting because
our testing data held no similarity to the training data, so it
wasn’t possible that the model could generalize our testing data
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Table 2: A bar graph displaying the frequency of different star ratings

into our training data.

Overall, the performance of the Random Forest Regression
model on the new dataset appears to be quite promising, as it
successfully provides close approximations of the actual star
ratings for most videos. When we round each prediction to the
nearest whole number, all of them end up being correct.

Discussion

The significance of the results obtained in this research paper
lies in the development of a machine learning model capable of
assessing the quality of YouTube tutorials and providing a star
rating out of five. For the average consumer, this rating can be an
effective tool when determining if a tutorial is worthwhile. The
training set’s scoring system derived from Chat GPT provides a
blanket scoring system that originates from online user media,
meaning it covers a spectrum of metrics that one would use
when critiquing a tutorial. By analyzing metrics such as likes,
dislikes, comments, views, and sentiment scores, the model
can efficiently evaluate tutorial videos, streamlining the search
process for viewers seeking high-quality educational content.
This model combines both subjective opinions and objective
statistics, allowing it to derive an “average” opinion for any
video, which will allow the user to gauge which videos to watch.
The high performance of the model, with a mean squared error
of 0.06, demonstrates its accuracy and reliability in predicting
ratings, matching closely with Chat GPT’s human-like ratings.
This tool offers a valuable resource to YouTube users, help-
ing them identify the most valuable and informative tutorials,
thereby enhancing their viewing experience. Furthermore, the
research shows the model’s versatility, extending its applicability
beyond tutorials to regular entertainment videos. The insights
gained from the analysis of the model’s performance, the sig-
nificance of individual variables, and the correlation between
features and ratings can assist content creators, marketers, and
platform administrators in understanding user sentiments, opti-
mizing content, and fostering a more positive user experience
on the platform. Overall, the results contribute a valuable tool to
the YouTube community, promoting more informed decisions
for viewers and creators alike, ultimately enhancing the overall
viewer experience on the platform.

Next steps:

• Incorporate more variables: Adding additional relevant
variables, such as video duration, likes on each comment
to gauge agreement, or even the video’s engagement rate,
can provide more comprehensive insights into the video’s
quality. These variables can help capture more nuanced as-
pects of user satisfaction and contribute to a more accurate
assessment.

• Increase dataset size: Expanding the dataset beyond the
initial 50 tutorials would be beneficial for enhancing the
model’s accuracy. A larger dataset can provide a more
diverse and representative sample, enabling the model to
generalize better to a wider range of tutorials and video
types.

• Optimize comment sentiment analysis keyword search: a
broader variety of both positive and negative vocabulary
incorporated into the keyword search will allow the tool to
gather a larger count of comments with positive or negative
reviews; comments with sentiment will boost accuracy.

• Extend to all YouTube videos: As suggested, broaden-
ing the model’s scope to encompass all types of YouTube
videos, not just tutorials, can revolutionize content assess-
ment on the platform. This expansion could include various
genres, such as entertainment, vlogs, reviews, and more, of-
fering users a comprehensive tool to discover high-quality
content across diverse categories. The model just needs to
have a wider range of data for this to be achieved, and the
same principles used for rating the quality of the tutorials
can be applied to diverse genres.

• Real-world implementation: Building a Chrome extension
that automatically scrapes and rates YouTube videos on a
user’s home page would be a practical and effective way
to improve their viewing experience. This extension could
display star ratings next to each video, making it easier
for users to identify valuable content and make informed
choices without the need to review multiple videos. The
YouTube API facilitates the scraping of video data, and all
creators on the platform consequently allow it when they
produce content on the site. Besides dislikes, these metrics
are publicly available under the video, which eliminates
concerns about data privacy. Dislikes are a more morally
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ambiguous area, although other chrome extensions that
only extrapolate dislikes have not encountered such issues
involving platform policies or user content, so it’s safe to
do so.

• Human video evaluation: Moving away from relying solely
on Chat GPT’s transcript-based ratings, human evaluation
of each individual video can provide a more accurate and
comprehensive assessment. By watching the videos, eval-
uators can consider various elements such as clarity of
explanations, audio and visual quality, engagement with
the audience, practical demonstrations, and overall produc-
tion value.

This model builds the foundation to expand into a valuable
tool, as it has been shown that scoring is correlated with these
statistics. The dataset is a venture into this area, and shows
the potential of the model when it meets a larger dataset. The
choice of using tutorials to center the model on was to take
advantage of existing comment sentiment analysis models as
tutorial comments are typically either positive or negative and
not as reliant on the content itself; advancing comment sentiment
analysis would be the next step in being more precise with other
genres of content.

Methodology

To train the model we used 5 features to predict the target, which
was the rating out of 5 stars from Chat-GPT. Its ratings are
derived from actual reviews given by people online, therefore
it’s safe to use it as a benchmark for the average satisfaction that
it would provide a person. The features consisted of the view
to like ratio, the view to number of comments ratio, the view to
dislikes ratio, the likes to dislikes ratio and the comment mean
sentiment score. The selection of these metrics were based on
two reasons: they are easy to access and they have a high R2

value, meaning they have high correlation to the final scoring.
When a user finds a video that benefits them, be it entertaining
or helpful, they will show their satisfaction by interacting with
the video, such as liking or commenting. Choosing it to be a
ratio with views allows the metrics to be scalable; it accounts
for a video being good yet obscure.

To scrape the likes, dislikes and number of comments from the
YouTube videos, we had to use the YouTube API. The YouTube
API scraped the metrics from the video given. We wanted to get
these metrics because we thought that seeing how many people
viewed the video and finding out how many of those people
liked, disliked, or commented on the video was valuable insight
on giving the video a rating out of 5 stars. All we had to do
to get these metrics from each YouTube video was to assign
a string variable to the link of the video we want to use, and
then run a scraping function we wrote that would get the likes,

dislikes, views and number of comments. Then once we got
those metrics the function would turn all of the variables into
the ratios we see as the features. The reason why we used the
ratios was so that all of the videos would be proportional to
each other. The code then took all of the ratios and made a
new row into an existing csv we had, and we had to do this for
each video. Figure 4 shows the csv file we used. We just had
to put the link of the video in, and then it would add a new row.
It is worth noting that we had to collect the dislikes manually
because YouTube removed dislikes from every video, which
made it unavailable to scrape from the YouTube API. We used
a chrome extension called ‘Return YouTube Dislikes’ so that it
would reveal the hidden dislike count and we could manually
assign it to a variable in our function. Dislike statistics appear
on every video and are merely hidden, therefore the collection
of the dislike count does not introduce further bias.

To scrape the actual comments and get the mean senti-
ment score across the whole video’s comment section we
again used the YouTube API. The reason why we wanted to
get the comments from a YouTube video was because we
wanted to gauge how the audience felt about the video. To
retrieve all the comments in a given list of videos, we used the
youtube.commentThreads() function to scrape it directly off of
the platform. To retrieve just the first 50 comments, we used a
max comments variable and a for loop to stop retrieving com-
ments once we reach the desired amount. Once we collected the
comments we compiled them into a csv file. To then analyze the
comments, we used a natural language processing (NLP) model
called Vader Lexicon to analyze each comment and give every
comment a score from -1 to 1. The most negative a comment
could be is -1 and the most positive a comment could be is 1.
Figure 5 illustrates what the Vader Lexicon model produced.
These are just the first few comments out of 50 comments, and
we can see in the ‘compound’ column the model gives each
comment a score from -1 to 1. The bottom 4 video’s comments
are labeled as positive, while the first comment is a neutral com-
ment. What we did was take all of the comments’ compound
scores and and get the mean of all of them, and then that would
be the comments’ mean sentiment score for the video. Figure
6 displays 4 videos’ comments mean sentiment scores. We can
see from this table that videos 1 and 4 have a majority of positive
comments, and the mean compound sentiment score reflects that.
Video 2, however, has a lower mean sentiment score, nearing
toward more of a neutral group of comments, while video 3 is
in the negatives, which means that there were many negative
comments, more than the amount of positive comments. Getting
a sense of how the audience feels about a video is crucial to
finding out how good a tutorial is because the comments on a
YouTube tutorial should reflect what the audience took away
and how they felt the tutorial was.

To get the star rating out of 5 for each video (the target), we
initially thought that we should watch every video and give it
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Fig. 4 The CSV file that was used to train our data

Fig. 5 The results of the Vader Lexicon model

Fig. 6 The average sentiment scores across comments in 4 videos

a star rating out of 5. We soon found out that this was very
inefficient and time consuming, because watching every single
video on our dataset would take days. There would also be a
heavy convenience bias involved because there would be various
opportunities to influence the rating based off of the features, like
view to like ratio or like to dislike ratio. We ended up choosing
Chat GPT to rate the YouTube video. This way there would
be no bias when rating the video, as Chat GPT is not capable
of having a bias. We gave the YouTube video’s transcript to
Chat GPT, and then asked it to give the video a star rating
out of 5 based off of the video’s efficiency, quality, and use of
demonstrations. We also asked Chat GPT to keep the star ratings
as whole numbers, so that way it would be easier for our model
to predict, and also easier for the user to interpret.
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