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Purpose: Based on sentiment analysis of comments posted on YouTube, determining people's
thoughts, feelings and opinions on photovoltaics.

Design/methodology/approach: Comments posted on videos were downloaded automatically.
The comments' content has undergone preprocessing. All characters other than letters, URLSs,
hashtags, emojis, and words used to search for videos taken out of their text. The comment's
sentiment value was determined. To display the proportion of favourable, negative, and neutral
comments, visualisations were created. The word cloud was employed to display the comments’
most popular words.

Findings: For comments posted on videos related to photovoltaics, proportions of positive,
negative and neutral comments were determined. The information about the number of
published videos, the view count of videos, the length of videos, the number of published
comments, and the length of comments has been obtained.

Research limitations/implications: Only comments posted on videos which contained the
word “photovoltaic” were downloaded, Only Polish-language comments' content was
examined. Without author oversight, sentiment analysis was carried out automatically by the
“ccl emo” service. Only viewpoints expressed by YouTube users were analysed. It was assumed
that if the title of the video contains the word photovoltaic, its comments content is related to
photovoltaic.

Practical implications: Automated assessment of people's opinions regarding photovoltaics.
Originality/value: Opinions on photovoltaics were collected. Based on the growing number of
videos and comments, it was found that interest in photovoltaics in Poland is steadily growing.
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1. Introduction

As the impacts of global warming become increasingly evident, there is a rising concern
regarding the adverse effects of the conventional energy industry on the environment.
Communities are actively engaging in measures aimed at decreasing the emission of greenhouse
gases (Decuypere et al., 2022; Peng et al., 2013; Pestana et al., 2018). On a global scale,
the adoption of renewable energy sources is expanding to contribute towards the mitigation of
air pollution and the reduction of carbon emissions (Dincer et al., 2000; Moriarty, Honnery,
2011). Numerous nations recognize the advantages of green energy, resulting in policy shifts
concerning energy procurement (Boérawski et al., 2019; Eyl-Mazzega, Mathieu, 2020; Omri
et al., 2015; Pellerin-Carlin et al., n.d.; Salim, Rafiqg, 2012).
Public acceptance and support for renewable energy play a crucial role in facilitating the
transition towards a low-carbon energy system (Kim et al., 2021). Public sentiment and
opinions regarding renewable energy have been conducted (Hamilton et al., 2019; Kim et al.,
2021; Lee, 2022; Noblet et al., 2015; Penaloza et al., 2022; Qazi et al., 2019; Stokes, Warshaw,
2017).
The worldwide market for renewable energy sources (RES), particularly in the solar and
wind sectors, is experiencing a consistent growth trajectory, unaffected even by the challenges
posed by the coronavirus pandemic (Bhuiyan et al., 2021; Bilgili, Ozturk, 2015; Eroglu, 2021;
Quitzow et al., 2021). Out of all renewable energy sources, photovoltaic technology holds the
highest potential due to its affordability and straightforward installation process (Alves dos
Santos et al., 2021; C.B. et al., 2021; Castilho et al., 2021; Mota et al., 2020).
The photovoltaic sector in Poland is characterized by a decentralized structure,
predominantly relying on micro installations. By the conclusion of 2019, micro-installations
represented over 70% of Poland's overall installed photovoltaic capacity. Residential
participation in photovoltaics was promoted through solar energy support programs such as the
governmental initiative “My Electricity”, and long-term European Union support under the
Regional Operational Programs (Grebosz-Krawczyk et al., 2021).
In recent years, Poland's households, industries, and service sectors have grappled with
escalating electricity bills (Chomac-Pierzecka et al., 2022). Rising electricity prices have
increased interest in photovoltaics as an alternative, but choosing the right solution can be
complex. In Poland, several factors contribute to this situation, including but not limited to:
— optimal installation size (avoiding excessive electricity production that may not be
economically viable) (Zrownowazonego et al., 2015),

— terms and conditions for accounting for excess electricity production with the distribution
system operator (Zator, Lambert-Torres, 2021),

— evaluating the cost-effectiveness of investing in an electricity storage system (Zator,
Lambert-Torres, 2021),
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— limited familiarity with technical criteria for selecting the suitable energy solution, often
leading to purchase decisions primarily driven by factors such as installation cost,
lifespan of photovoltaic panels, availability of implementation options, and aesthetic
considerations (Chomac-Pierzecka et al., 2022).

In the era of digital advancements, individuals often share their thoughts and opinions on
social media platforms, expressing their ideas to a wide audience. Sentiment analysis can be
utilized as a means to analyse and understand people's thoughts, emotions, and opinions.
Sentiment analysis can be an alternative approach to traditional surveys and interviews.
It provides an automated approach to analyse sentiment, emotions, and opinions expressed in
written language. It is a process of analysing, processing, generalizing and making sense of
emotionally charged subjective texts (Deng et al., 2022). It offers a method for extracting
valuable insights from textual data efficiently and effectively (Xu et al., 2022). It can be
performed to assess an individual's perspective or inclination towards a subject or issue,
determining whether it leans towards a positive or negative viewpoint (Pang et al., 2002).

A big source of data with people's opinions can be the comments posted on YouTube videos.
YouTube is an online video platform that is quickly expanding and receives nearly two billion
views daily (Aydin, Yilmaz, 2021; Snelson, 2011). According to data as of March 14, 2023,
more than 5 billion YouTube videos are viewed each day, there are 2.5 billion monthly active
YouTube users, and more than 500 hours of YouTube videos are uploaded per minute
(Omnicore, 2021). As the world's biggest video platform, YouTube showcases a diverse range
of media content produced by either companies or individuals. This content encompasses music
videos, promotional videos for products, vlogs, review videos, and educational content
(Muhammad et al., 2019).

A variety of tools can be used for analysing data retrieved from the Internet.
Due to a significant volume of data, methods such as text mining, data mining, machine
learning, topic modelling, sentiment analysis and similar approaches are employed.
The exploration of data collected from social media constitutes a new field. Its popularity is
growing due to cost-effectiveness, easy access, and the element of anonymity (Das et al., 2015,
2019; Evans-Cowley, Griffin, 2012). There are many studies in the literature about sentiment
analysis on data extracted from the Internet (Agrali, AYDIN, 2021; Pang, Lee, 2004, 2008;
Read, 2005). The use of sentiment analysis of text to find out people’s opinions on renewables
was presented in (Corbett, Savarimuthu, 2022; Ibar-Alonso et al., 2022; Jain, Jain, 2019a,
2019b; Kim et al., 2021; Loureiro, Allo, 2020; Zarrabeitia-Bilbao et al., 2022).

Sentiment analysis is a tool to understand how society perceives photovoltaics.
It is a valuable tool for policymakers, investors and businesses alike, helping to shape a positive
image and support the development of this sustainable form of energy. Sentiment analysis
provides valuable feedback on societal attitudes towards photovoltaics, which, in turn,
can impact decision-making, investments, and actions in the field.
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2. Research Methodology

On March 22, 2023, in service, YouTube 2.960 videos related to photovoltaics were found.
This was accomplished using the Python “scrapetube” (Twersky, n.d.) library. This library
allows search for videos without the official YouTube API (application programming
interface). The title of the video had to include one or more of the following nouns and/or
adjectives in Polish:

— nouns: “fotowoltaika”, “fotowoltaice”, “fotowoltaikg”, “fotowoltaike”, “fotowoltaiki”,

“fotowoltaiko”, “fotowoltaik”, “fotowoltaikach”, “fotowoltaikami”, “fotowoltaikom”,

— adjectives: “fotowoltaiczna”, “fotowoltaiczng”, “fotowoltaicznego”, “fotowoltaicznej”,
“fotowoltaicznemu”,  “fotowoltaiczni”, “fotowoltaicznych”, “fotowoltaicznym”,
“fotowoltaicznymi”, “fotowoltaiczne”, “fotowoltaiczny”.

These nouns and adjectives are in all possible grammatical cases for the Polish language

and are translations of the terms “photovoltaics™.

In the next step for each video, comments posted by users were downloaded. The “youtube-
comment-downloader” package was used for this. It is a simple script for downloading
YouTube comments without using the YouTube API (Youtube-Comment-Downloader, n.d.).

In the next step, the author removed:

— comments were written in languages other than Polish,

— the comments whose content was the same as the content of other comments and were
posted by the same user (it was frequently an advertisement for a company's services,
products, or jobs); the content was treated as a string of characters and compared using
the comparison operator “==",

Then the comments' content was pre-processed. URLS, hashtags, emojis, user names, terms
used to search for videos, and all characters other than letters were removed from the comments.
Next, the number of words in the cleaned content of each comment was checked. Comments
with less than 4 words have been removed. After these operations, the number of comments
was 136.416. These comments were posted on one of the 1565 videos. The remaining
1395 videos had no comments, or those comments were removed during the pre-processed
stage.

In the next step the ccl_emo? service, created by CLARIN-PL?, was used. In Polish, this
service is also known as “Wydzwigk” and “Sentiment” (in English). It is a service for
statistically analysing texts' overtones and emotions (Grubljesic et al., 2019; Janz et al., n.d.).
Also, others CLARIN-PL’s services were used. These were:

L https://wiki.clarin-pl.eu/pl/nlpws/services/ccl_emo; https://clarin-pl.eu/index.php/wydzwiek/
2 CLARIN-PL is a Polish scientific consortium, part of the European Research Infrastructure CLARIN (Common
Language Resources and Technology Infrastructure) (CLARIN-PL, n.d.)
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— Any2txt - a service that transforms text files (e.g. doc, docx, xIsx) into text.

— Speller2 - a service that verifies the text's spelling. It uses a tool called Autocorrect® for

this.

— Woerft2 - is a basic morpho-syntactic tagger for Polish.

— WSD - a service for word sense disambiguation, which works for Polish texts.
As a source of possible senses, it uses plWordNet, which consists of lexical units grouped
into synsets that are linked by lexico-semantic relations. A lexical unit represents
a lexical meaning and is a triple: lemma, part of speech and sense identifier (Janz et al.,

n.d.).

The selected lexical units stored in plWordNet were added emotive annotation. Lexical
units were described by (Janz et al., n.d.):

— sentiment polarity: it was assessed on a 5-point scale: strong and weak vs. negative and
positive, plus neutral,

— basic emotions: gladness, trust, enjoyment of something expected, sadness, anger, fear,
disgust, and surprise with something unpredictable - these emotions were derived from
the 8 basic emotions identified by Plutchik and his Wheel of Emotions (Plutchik, 1980;
Wierzbicka, 1992a, 1992b);

— fundamental human values: utility, good of another man, truth, knowledge, beauty,
happiness, uselessness, harm, ignorance, error, ugliness, unhappiness - basic human
values indicated by (Puzynina, 1992) were used.

Table 1.

Example of calculating the sentiment of a comment

Sample Niech sprawdzi [1] lodowke. U mnie przez uszkodzong [-1] uszczelke rachunki mocno [1]
comment | latem wzrosty.
sprawdzi [1] + mocno [1] =2
Sentiment | uszkodzong [-1] = -1
calculation | The number of positive words (2) > The number of negative words (1)

The sentiment of the comment = positive

Sources: original research.

In the next step, each comment was examined to determine the number of words it contained
with annotated basic emotions and fundamental human values. According to Table 2,
the example comment consisted of 3 words expressing “gladness”, 1 word indicating " enjoying
something expected ", and 1 word conveying "trust".

3 https://languagetool.org/pl/



622 M. Wyskwarski
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Sources: original research.

3. Results

Using a ribbon chart shown in Figure 1, the number of retrieved videos has been presented
with a division into videos that received comments and videos without comments.
More detailed information on this subject has also been presented in Table 3. As can be seen,
the number of movies began to significantly increase in the year 2021 (with 547 published
videos), reaching its peak in the year 2022 (with 1805 videos). In the year 2023, the number of
videos is smaller. However, it's important to remember that the movies were searched on March
22, 2023. Therefore, it's uncertain how many more videos will be published in the upcoming
months of 2023. Attempting to estimate their number in the year 2023 is difficult because the
month of publication is unknown (only the year was known).

1805

With comments

Without comments

547

313

2014
2015
2016
2017
2018
2019
2020
2021
2022
2023

Figure 1. Distribution of the retrieved videos over the years. Note: videos for 2023 only gathered until
March 22, 2023.

Source: original research.
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Table 3.

Distribution of the retrieved videos over the years. Note: videos for 2023 only gathered until
March 22, 2023

2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 | 2023 | Total
With 11 5 11 25 26 40 85 252 975 135 1565
comments | (69%) | (50%) | (50%) | (86%) | (72%) | (68%) | (69%) | (46%) | (54%) | (43%) | (53%)
Without 5 5 11 4 10 19 38 295 830 178 1395
comments | (31%) | (50%) | (50%) | (14%) | (28%) | (32%) | (31%) | (54%) | (46%) | (57%) | (47%)
Total 16 10 22 29 36 59 123 547 1805 313 2960
Sources: original research.
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Figure 2. The number of videos published by users.
Sources: original research.
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Figure 3. Views count of videos.
Sources: original research.

In Figure 3, the views count of videos is depicted, divided into videos with comments and
without comments. To improve the clarity of the figure, a square root transformation was
applied to the values presented on the y-axis. This has compressed high values while making
low values more spread out. The successive values on the y-axis were determined by the author.
Each point on the chart represents the number of views for a single video. The box plots
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depicted in the figure provide insights into the distribution of view counts for the videos.
It can be observed that videos with comments were more frequently viewed compared to those
without comments. Longer box plots for videos with comments indicate that the view counts
exhibited more diverse values. From the figure, it's also evident that one of the videos from
2021 has been viewed more than 2 million times.

Table 4 presents the number of comments obtained by videos categorized by years.
It's evident, for instance, that the total number of comments received by videos from 2021 is
21,909. Some of these (12,991 comments) were replies to other comments. The presence of
comments that are replies to other comments indicates an exchange of information between
users.

Table 4.
Total number of comments by year

2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 | 2023

Comments 3 20 52 | 139 | 184 | 714 | 4438 | 8918 | 40990 | 6700
(100%) | (50%) | (44%) | (55%) | (32%) | (40%) | (39%) | (41%) | (47%) | (52%)

Comments as 0 20 65 | 113 | 384 | 1050 | 7046 | 12991 | 46463 | 6121
replies (0%) | (50%) | (56%) | (45%) | (68%) | (60%) | (61%) | (59%) | (53%) | (48%)

Total 3 40 | 117 | 252 | 568 | 1764 | 11484 | 21909 | 87453 | 12821

Sources: original research.

The left side of Figure 4 depicts the number of comments received by videos in each year.
Each video is represented as a single point on the chart. For example, one of the videos in 2016
received 51 comments. The box plots in the figures allow us to observe the distribution of the
number of comments received. For instance, the third quartile for the year 2021 is 52, indicating
that 75% of the films in that year received 52 or fewer comments. To improve the clarity of the
figure, some numbers have been modified. If the number of comments exceeded 500, it was
randomly replaced with a whole number ranging from 501 to 600. The number of videos with
comments above 500 was 37 (for the year 2019: 660 comments; for the year 2020: 820, 959
and 2963 comments; for the year 2021: 508, 516, 548, 550, 587, 724, 958, 973, 1025 and 1206
comments; for the year 2022: 502, 517, 519, 530, 543, 546, 587, 620, 629, 678, 710, 888, 1106,
1155, 1370, 1408, 1533, 1788, 2370 and 2470 comments; for the year 2023: 689, 867, and 1264
comments). These numbers are now represented on the charts in the range of 500 to 600.
The maximum number of comments received by one of the films in the year 2020, was 2963
comments. The right side of the figure represents the distribution of the number of comments
received without categorization by year. In addition to the box plot, a density plot is also
included. We can deduct from it, that the most frequently received number of comments is 1.
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Figure 4. The number of comments received by videos.
Sources: original research.
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Figure 5. The duration of videos with comments in minutes.

Sources: original research.

Figure 5 presents in minutes the duration of films with comments. The left side represents
the length of films divided by year. For example, the longest film from 2018 lasted
approximately 21 minutes. The box plots shown in the figure allow us to see the distribution of
film durations. For instance, the third quartile for the year 2021 is around 15.2 minutes, meaning
that 75% of films in that year lasted 15.2 minutes or less. To enhance the readability of the
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drawing, some durations have been modified. If the duration exceeded 90 minutes,
it was randomly changed to a number between 90 and 100. The number of films with a duration
over 90 minutes was 17 (the durations of these films were as follows: 91, 101, 104, 104, 109,
115, 130, 132, 142, 150, 153, 169, 185, 186, 187, 191, 202, 438, 607 minutes). These durations
are represented on the plots in the range from 90 to 100. The maximum film duration was
607 minutes. The right side of the drawing presents the distribution of film durations without
division by years. In addition to the box plot, a density plot is included. From it, we can infer
that films most commonly lasted around 1 minute.

Figure 6 and Table 5 present information about the number of words in comments.
Figure 6 illustrates the number of comments containing from 4 to 100 words. These comments
constituted approximately 95% of all comments. The largest group consisted of comments
composed of 5 words. The largest group of comments consisted of 5 words. There were
6191 such comments.

R (o2}
= =
1

Number of comments
N
x

(=)
o
N

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
Number of words in comment

Figure 6. Number of words in comments.

Sources: original research.

Table 5.
Number of words in comments

Number of words in the comment

Number of comments

from 04 to 10

39016 (28,6%)

from 11 to 20

35268 (25,85%)

from 21 to 40

31900 (23,39%)

from 41 to 100

23467 (17,2%)

from 101 to 250

5996 (4,4%)

from 251 to 500

668 (0,49%)

from 501 to 1000

82 (0,06%)

from 1001 to 1388

14 (0,01%)

| Total

136411 (100%)

Source: original research.

Table 5 shows the percentage distribution of comments based on the number of words.
The largest group consisted of comments composed of 4 to 10 words, making up 28.6 per cent
of all comments. 14 comments had between 1001 and 1388 words.

Figure 7 presents the relationship among three film parameters: duration (measured in
minutes), number of received comments, and number of views. The relationship is visualized
through three scatter plots. No adjustments were made to the outliers. The publication year of
each film is represented by colour.
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Sources: original research.

Figure 8 shows the percentage of positive, negative and neutral comments by year.
We can see from it that in the year 2021 17.7% of comments had negative, 42.9% neutral and
39.4% positive sentiment. Starting in 2019, the number of positive comments decreased,
while the number of neutral comments increased. The count of negative comments from 2017
to 2023 ranged between 17.7 and 21.3 per cent.
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Figure 8. Percentage of positive, negative, and neutral comments.

Sources: original research.
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Figure 9 presents the distribution of positive, negative, and neutral comments received by
individual videos. The data is segmented by years. The distribution of comments is illustrated
using box plots. Individual data points at a value of 100% for negative and neutral comments
(received by videos for the year 2017) suggest that among these videos, some only received
negative or neutral comments. The third quartile at approximately 25% for negative comments
in 2022 indicates that 75% of the videos had a maximum of 25% negative comments.
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Figure 9. Distribution of the percentage of comments received by individual videos.
Sources: original research.

In Figurel0, the annual distribution of words with annotated basic emotions is depicted. Positive
emotions are denoted by the colour green, representing emotions like gladness, enjoying something
expected, and trust. Negative emotions are indicated in red, representing emotions like disgust, fear,
anger, surprise with something unpredictable, and sadness. It is evident that words associated with
positive emotions had the following proportions in 2020: gladness accounted for 26.0%, enjoyment of
something expected was 8.8%, and trust was 13.8%.
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Figure 10. Percentage of words with annotated basic emotions by year.
Sources: original research.

Figure 11 presents the distribution of words with annotated fundamental human values.
Positive human values are represented by the colour green (beauty, happiness, good of another
man, utility, knowledge). Among the positive human values, not once did the “truth” occur.
The negative human values are marked in red (unhappiness, error, harm, ignorance, uselessness,
ugliness).
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£1910 7%

UL

)
I

Figure 11. Percentage of words with annotated fundamental human values by year.
Sources: original research.

Figure 12 shows the most frequent words in comments. They are presented in the form of
a word cloud. By analysing these words, it is possible to determine what the comments were
about. The more frequently a word occurred in the comments, the bigger it is in the cloud.
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Figure 12. Most frequently used words.

Sources: original research.
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4. Conclusion

The analysis of data concerning videos related to photovoltaics (including the number of
published videos, their view counts, the number of comments, and their sentiment) allowed for
drawing the following conclusions:

corresponding to an increasing number of videos and comments, it can be observed that
interest in photovoltaics is continuously growing, particularly after the year 2018.
Only 12 users (0.79 per cent) published between 17 and 112 videos;

it's evident that there is variation in the views count of videos. Videos with comments
were more frequently viewed;

retrieved videos most commonly had one comment and a duration of one minute;

in recent years, the number of comments with a neutral sentiment has been increasing,
while the number of comments with a positive sentiment has been decreasing;

the videos exhibit variation in the distribution of the number of positive, negative,
and neutral comments, among them were those that received only negative, positive,
or neutral comments;

in 2022 and 2023, there was a slight increase in the percentage of words with annotated
negative basic emotions and with annotated negative fundamental human values;
analysing the most frequently used words, it can be assumed that comments addressed
the following issues related to photovoltaics:

o households as one of the main user groups of photovoltaics — words: “dom”
(eng. house), “domowy” (eng. domestic), “budynek” (eng. building), “prosument”
(eng. prosumer), “wtasny” (eng. own),

o the main components of a photovoltaic installation — words: “stoneczny”
(eng. solar), “ogniwo” (eng. cell), “panel”, “falownik” (eng. inverter), “modut”
(eng. module), “akumulator” (eng. battery), “bateria” (eng. battery), “magazyn”
(eng. storage),

o amount of energy produced by the photovoltaic installation over a given period —
words and abbreviations like: “kwh” (kWh, eng. Kilowatt-hour), “kilowatogdzina”
(eng. kilowatt-hour), “produkowacé” (eng. to produce), “wyprodukowac”
(eng. to produce), “produkcja” (eng. production), prad (eng. “electricity”), “energia
(eng. energy), “elektryczny” (eng. electric), “rocznie” (eng. annually), “roczny”
(eng. annual), “rok” (eng. year), “miesigc” (eng. month), “wynik” (“result”),

o photovoltaic installation capacity and the factors affecting it - words: “moc”
(eng. power), “kw” (eng. kW), “kilowatt” (eng. kilowatt), “k” (eng. kilo), “dach”
(eng. roof), “kierunek” (eng. direction), “metr” (eng. metre), “powierzchnia”
(eng. area),
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o considering the purchase of an electric or plug-in hybrid car — words: “auto”
(eng. car), “samochod” (eng. car), tadowac (eng. to charge),

o complaints about intensive persuasion to buy photovoltaic — words: “dzwoni¢”
(eng. to call), “telefon” (eng. phone), “sprzeda¢” (eng. to sell), “sprzedawac”
(eng. to sell), “sprzedaz” (eng. sales),

o financial support for the purchase of photovoltaic — words: ,,doptata” (eng. subsidy),
“dotacja” (eng. subvention), “dosta¢” (eng. to get), “rzad” (eng. government),
“przepis” (eng. law), “ustawa” (eng. law),

o the profitability of investment in photovoltaics — words: “koszt” (eng. cost),
“kosztowac” (eng. t0 cost), “optacalny” (eng. worthwhile), “optaca¢” (eng. to be
worth), “zwrot” (eng. return on investment), “zwrdci¢” (eng. return on investment),
“kredyt” (eng. credit),

o analysing the most frequently used words can determine that comments did not only
concern photovoltaic but also in general electricity and heat production from various
energy sources — “elektrownia” (eng. power plant), “eneriga” (eng. energy), “gaz”
(eng. gas), “gazowy” (eng. gas), ,,prad” (eng. electricity), “farma” (eng. farm),
“wegiel” (eng. coal), “wiatrak” (eng. wind turbine), “wiatr” (eng. wind), “woda”
(eng. water), “zrodto” (eng. source), “grza¢” (eng. to heat), “grzatka”
(eng heater),“ciepto” (eng. heat), “pompa” (eng. pomp).

Analysis of data related to videos about photovoltaics on YouTube showed growing interest
in this topic, especially after 2018, with an increase in the number of videos and comments.
It is worth noting that videos with comments were viewed more often, and comments with
neutral sentiment increased while those with positive sentiment decreased. Analysis of the most
frequently used words shows a variety of topics, from household use to investment profitability.
The conducted research confirms that comments on YouTube videos can be a source of data
that can be used to understand people's thoughts, feelings, and opinions on "photovoltaics".
It's worth noting that in this study, only the opinions of Polish-speaking YouTube users were
identified.
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