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Abstract

The use of social networks has been shown as a powerful tool for driving populations
opinions towards specific trends and interests. Yet what actually makes the success of a
profile? Are emotions responsible for driving the public opinion and the opinion of the
followers? We present a study on the influence of emotions in their success. To do so, we
first created a novel dataset called InfluEmo, crawled from Instagram, in which we designed
and analyzed the impact of emotions in influencers’ success. The dataset InfluEmo is novel
and freely available. Automatic emotion extraction yielded promising results, supporting
our hypothesis that specific emotional profiles in influencers’ posted content are associated
with measurable indicators of success measured as number of followers. These findings
suggest that emotions might play a systematic and quantifiable role in shaping public
opinion and influencing users’ interactions on Instagram. Using the novel InfluEmo dataset
(≈38,000 posts, ≈970 profiles, 4 domains: fashion, climate, AI, and journalism), the paper
shows, in fact, that more positive emotional language is consistently associated with higher
engagement, with fashion influencers achieving the highest average likes (≈138,885/post)
and lowest emotional entropy, while AI, climate, and journalism content—characterized
by more neutral or mixed emotions—exhibits lower likes (≈6761–19,544/post), weaker
sentiment–likes correlations, and higher entropy, indicating that positivity and emotional
predictability outperform informational complexity in driving Instagram success.

Keywords: sentiment analysis; emotion recognition; machine learning; instagram

1. Introduction
Social media’s influence on economic growth is profound, largely due to its impact

on consumer behaviour. In this context, social media influencers play a strategic role in
shaping public perception and driving it towards certain behaviours and products. Yet
what drives the success of an influencer over others? Can emotions, shared through their
posts and publications, make a difference in their success as influencers? In the last few
years, social media has played a strategic role, not just from an economic and strategic
point of view, but also because it represents a tool that can significantly impact users’
minds, driving and the way choices and acts are made [1,2]. In this context, an influencer
can be defined as anyone who has the power to influence others’ decisions, due to their
relationship and interaction established with their personal audience, more specifically,
their followers. Typically, an influencer is actively engaged in a specific niche, and is a
phenomenon which has seen a sharp rise with the diffusion of social networks. Influencers
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often collaborate with companies, helping them to sell their products or services in the
context of what is known as “Influencer Marketing” [3]. The phenomenon of influencer
marketing has, in fact, rapidly emerged as a leading segment in the marketing field, as
evidenced by significant research interest [4–10]. To pursue their goals, influencers on
social media platforms continuously share perspectives on a range of products, services,
and brands, positioning them as opinion leaders who engage with extensive follower
networks [11]. Brands, in fact, are highly interested in social media influencers (SMIs)
because they are perceived by audiences as authentic, faithfull, and relatable sources, which
extends the brand’s reach to larger audiences [11–13]. Influencers are usually categorized by
follower counts: micro-influencers with up to 10,000 followers, meso-influencers up to one
million, and macro-influencers exceeding a million followers. Reflecting the effectiveness
of this approach, U.S. marketers rank influencer marketing as the second most effective
strategy, with 94% reporting positive outcomes from influencer marketing campaigns [14].
Yet what is the role of emotions in the final success which an influencer reaches? Does it
impact the final success and can we quantify the role of emotions in the final success which
influencers hold? The analysis of emotions has been, in fact, profoundly analyzed in several
contexts [15–18]. However, how much emotions affect the role of social network influencers
is still an open research questions, also due to the lack of publicly available datasets in which
this research aspect could be analyzed. In this context, we introduced several novelties
in our article. First of all, we performed a novel comprehensive analysis to understand
the impact that emotions have on success, analysing it through an affective computing
perspective on the texts shared by influencers through captions. To do so, we designed and
web-scraped a novel dataset, which we named InfluEmo, where we investigated the role of
emotions in understanding influencers’ success on Instagram. The paper is structured as
follows. In Section 2, we present an overview of related works with respect to our study. In
Section 3, we describe the methods used, both for scraping and designing the new dataset,
and for performing emotion recognition. In Section 4, we thoroughly describe the dataset
and its characteristics. In Section 5, we describe the emotional recognition experiments
performed and the analysis which correlated the success of such profiles together with the
number of influencers. In Section 7, we draw conclusions and sketch future developments
of our work.

2. Related Work
In this Section, we will discuss previous related works, showing the differences and

novelties of our proposed work. In [19], Oliveira et al. analyzed the behaviour on Instagram
of users, focusing on how positive sentiments and concise captions boost engagement
for fashion influencers on Instagram. However, this study focused the analysis on the
specific sector of fashion influencers and did not release their dataset publicly. Similarly,
Zhan et al. [20] performed Sentiment Analysis of Instagram Captions and explored user
preferences through sentiment analysis of Instagram captions, without addressing the
success of influencers. In other cases, present in the literature, only specific or limited
studies are analyzed. For instance, in [21], Mackay et al. examined how positive messages
from Canadian influencers positively influenced engagement during the pandemic but the
dataset was limited by only Canadian influencers. Moreover, in [22] Bashari et al. proposed
a machine learning method to distinguish influential posts on Instagram by analyzing
only user-generated content, with a dataset containing influencers and non influencers,
but without explaining the relationship between the success expressed by the content
and their emotions evoked. Other related works provide overviews and reviews on the
topic, as, for instance, in [23]. Here, Nandwani et al. provide an overview of sentiment
analysis techniques and emotion detection in text, highlighting specific applications and
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challenges. As a further example, in [24], Ranjan eta al.’s approach is strictly based on
comments in social media using an NLP approach, without focusing on the influencer and
the emotion perceived by their content. In addition, in [25], the authors examined how text
and images on social media convey emotions, using neural networks to enhance sentiment
interpretation. However, the sentiment analysis is limited, as it describes emotions only in
terms of polarities without exploring the impact of influencers. Furthermore, other works
concentrated on specific domains such as [26,27], where the authors explore specific areas,
such as financial headlines to improve market forecasting, and user preferences across
social platforms, without addressing influencer success metrics or how emotions are evoked
by the content. In the article [28], Gu et al. investigate how the emotional expressions
that social media influencers display in their posts affect their popularity by shaping how
followers perceive them. They conducted one correlational study and three experiments to
examine how emotional style (positive vs. negative) influences perceptions of warmth and
competence, online engagement, and intentions to spread electronic word-of-mouth. Rather
than simple emotional valence, the study finds that perceived authenticity and perceived
appropriateness of emotional expressions are key processes linking influencers’ emotions to
their popularity: posts judged as both appropriate and authentic tend to enhance popularity
indicators. Positive emotions are generally seen as more appropriate, but their effects on
perceived authenticity are variable and context-dependent. Overall, the results suggest that
successful influencers must balance emotional norms (appropriateness) with genuineness
(authenticity) to build followership. In this study, however, data are retrieved from user
studies, and not automatically from post and social media information. Moreover, some
further more recent studies focus on specific countries and do not actually expand the
analysis performed to a wider larger number of different cultural situations [29,30]. These
studies employ various analyses across different social media platforms. However, not
all of them focus specifically on Instagram, nor do they pay particular attention to the
emotions evoked by captions and their impact on success on this platform. Furthermore,
none of these studies provided a dataset that compares different types of influencers based
on their areas of interest.

3. Methods
3.1. Sentiment Score Computation

All of the analyses were performed in RStudio, version 4.3.1 [31], and the dataset
used was scraped from the social network Instagram (instagram.com) [32]. The sentiment
analysis was performed to evaluate the sentiment of the text, using the Syuzhet package [33].
The predefined method, syuzhet, is an R package version 4.4.2 developed by Matthew
Jockers, which uses existing sentiment dictionaries such as the NRC Emotion Lexicon [34].
In our analysis, the words could be belonging to three emotion classes: positive, negative,
and neutral. The calculation of the overall score works as follows:

• Positive Sentiment: if the score associated with the word is greater than 0.
• Negative Sentiment: if the score associated with the word is less than 0.
• Neutral Sentiment: if the score is equal to 0.

To assign a word to one of the classes, the NRC Emotion Lexicon and the NRC
Emotion Intensity Lexicon were used [35]. The lexicon consists of words associated with
8 emotions (joy, sadness, anger, fear, disgust, surprise, anticipation, and disgust) and
2 polarities (positive and negative). The NRC Emotion Lexicon is based on associating a
specific emotion with each word, while the NRC Emotion Intensity Lexicon focuses on
the intensity associated with each word for its corresponding emotion. For the sentiment
association of each word, the emotion-sentiment transfer method is applied, which as-
signs a sentiment score to each word based on the associated emotion [35]. To compute
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the sentiment score, we used the following equation (with Pos being positive and Neg
being negative):

S(wi) =
8

∑
j=1

[
E(wij)× P(ej → Pos)− E(wij)× P(ej → Neg)

]
(1)

where

• S(w_i) is the sentiment score associated to the i-th word w_i.
• E(wij) is the score related to the intensity of the emotion associated to each word wi in

respect to the emotion ej.
• P(ej → Pos) and P(ej → Neg) are the probabilities that the emotion e_j is associated

with a positive or negative polarity.

This method classifies each word as positive or negative and provides the corre-
sponding emotional intensity. In our work, we proceeded in the following way: we first
considered the caption of each scraped influencers post. We then tokenized the sentence,
and we computed a summative score for each post, considering the average scores of all of
the words belonging to it.

In Table 1, we report an example of a sentence. If the text contains the following
sentence: ’I hate war because it leads to destruction’, we first obtained the tokens: ’I’, ’hate’,
’war’, ’because’, ’it’, ’leads’, ’to’, ’destruction’. We then computed the sentiment score for
each of the token, to obtain and average sentiment score for the post, which corresponds to
−0.2 in this case.

Table 1. Example of the sentiment score computed for an instagram post in InfluEmo.

Token Word Sentiment Score

1 I 0
2 hate −0.75
3 war −0.50
4 because 0.00
5 it 0.00
6 leads 0.40
7 to 0
8 destruction −0.75

3.2. Impact of Emotions on the Sentiment Score

We further expanded our analysis to also investigate how each of the eight emotions
contributed to the sentiment score detected in each token. As previously mentioned, we
classified emotions into 8 classes as described in [36,37]:

1. Anger: Associated with aggression, hostility, and frustration.
2. Fear: Linked to uncertainty, threat, and anxiety.
3. Anticipation: Involves expectations and predictions.
4. Trust: Refers to confidence and reliability.
5. Joy: Represents feelings of pleasure and happiness.
6. Sadness: Reflects emotions of pain or sorrow.
7. Disgust: Expresses repulsion towards someone or certain situations.
8. Surprise: Reaction to shock or unexpected events.

In our code, the NRC Emotion Lexicon [34] calculates the association of these words
with the eight emotions and the two polarities.

In order to understand the influence of each of the 8 emotions in the sentiment score,
we implemented the following procedure:
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1. Step 1: The NRC dictionary [35] was used for classifying emotions. This dictionary
contains eight emotion categories and two polarities (positive and negative).

2. Step 2: We considered texts taken from the influencers datasets, and tokenized
the captions.

3. Step 3: Stop words, such as prepositions and other commonly used words, were removed.
4. Step 4: The resulting dataset, now containing only relevant words, was merged

with the NRC dictionary. Each word contained in the captions was then assigned a
corresponding sentiment label from the NRC dictionary.

5. Step 5: Finally, the frequency of words associated with each sentiment was calcu-
lated, and the results were sorted by frequency. This allowed each sentiment to be
represented by its occurrence count, as described in Section 5.

3.3. Shannon Emotional Entropy

Shannon entropy was applied, after the sentiment analysis scores, to offer a compre-
hensive view of the language structure within each group of influencers of our dataset
(see Section 4 for description on InfluEmo design). Shannon entropy, in fact, was used as
a measure of the uncertainty or randomness in a set of data. We could assess that for a
given probability distribution, it quantifies the average amount of information or “surprise”
associated with each possible outcome. The formula for Shannon entropy H is

H(X) = −
n

∑
i=1

p(xi) log2 p(xi)

where

• H(X): Represents the Shannon entropy of a random variable X.
• n: The number of unique outcomes or symbols in the distribution of X.
• p(xi): The probability of each outcome xi.
• log2 p(xi): The binary logarithm (base 2) of p(xi), representing the amount of informa-

tion in bits associated with outcome xi.

More specifically, in our work, we used Shannon entropy in order to compute the
so-called emotional entropy of a sentence. The concept of “emotional entropy” in a string
refers to the degree of valence variability or conflict within the emotional tones of the words
it contains. Essentially, emotional entropy serves as an indicator of the unpredictability or
level of surprise arising from the coherence—or lack thereof—in the emotional expressions
throughout the sentence. High emotional entropy suggests greater inconsistency in emo-
tional tone, indicating a mix of positive and negative sentiments, while low entropy would
indicate a more uniform emotional expression. This metric thus provides insights into the
emotional complexity of a given string by assessing the fluctuation in sentiment across its
language. We further computed the Pearson correlation coefficient in order to understand
both the correlation between emotions and between the presence of a certain emotion and
success of an influencer.

3.4. Engagement Calculation

Moving forward, we used also the so-called engagement score in order to understand
relationships between emotions and engagements of the users. The engagement rate
measures how much interaction there is of the public users to a specific content, and so
how they behave and the feelings that are generated by a specific content [38].

The calculation of the engagement score is the following:

Engagement Rate =
interactions

number of followers
× 100
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Since the number of followers was not available, as an information, we modified the
formula considering the number of likes and comments as the denominator of the ratio.
From our analysis of interactions on the posts, it was observed that engagement plays a
vital role in determining the success of a content strategy. The engagement was calculated
using the variables of “likes” and “comments” to assess user interactions. More specifically,
we computed two types of engagement rates:

EngamentRateLikes =
number o f likes
number o f posts

× 100 (2)

EngamentRateComments =
number o f comments

number o f posts
× 100 (3)

3.5. Definition of Influencer Success

This paper defines influencer success as a set of engagement-based, quantitative
proxies derived from Instagram interactions, measured using likes and comments. For
each post, the raw number of likes and comments is used as a primary indicator of au-
dience response, e.g., average likes per post vary strongly by group (fashion ≈ 138,885,
climate ≈ 19,544, AI ≈ 6761, and journalists ≈ 8538). Engagement rates (normalized
by activity): Since follower counts were unavailable, success is quantified through post-
normalized engagement metrics defined above, that is EngagementRateLikes and Engage-
mentRateComments, capturing how much interaction each post generates on average.
Moreover, success is further measured by computing Pearson correlations between the
sentiment score of caption words and the number of likes, where positive correlations
(strongest in fashion and journalism) indicate that more positive emotional language yields
more engagement. As a further metric, this paper uses Shannon emotional entropy of
captions and lower entropy (more emotionally coherent and predictable language) is as-
sociated with higher engagement, while higher entropy corresponds to reduced success
(notably in climate and AI content).

4. InfluEmo Dataset
4.1. Dataset Scraping and Design

To download and extract our dataset, we used a web scraping application, capable of
extracting a users profile post, called ’Apify’ [39]. The results of Apify are dynamic, meaning
that the extraction process can always change over time. Apify adheres to Instagram’s
ethical guidelines, as the extraction does not include private user data such as email
addresses, location, or gender. The extraction only involves what the users choose to publish
and only public profiles. In our case, we decided to design the novel dataset, considering
four areas where influencers are highly present on Instagram: artificial intelligence (AI),
climate, journalists, and fashion. The four datasets are structured to contain key variables
such as profiles, posts, comments, likes, and captions. All of these elements are publicly
released and can all be critical in the definition of emotion recognition. To obtain the
data for each group, an automatic research was conducted through the web to identify
a list of the most influential public Instagram profiles within each group of interest. The
profiles were then collected along with their profiles’ URLs. In the scraping procedure, we
proceeded by collecting over 100 of URLs for each influencer group, which were then fed
to Apify in order to perform the scraping itself. Due to the extensive nature of the data
extraction, it took more than a month to complete the process. The overall design process
and the manual/topic-based categorization grouping process were carried out through the
following steps:
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1. Topic Identification: An initial research phase identified key topics relevant to the
study. These topics were derived from analyzing influencers’ posts, captions, and
engagement metrics, with common themes emerging in areas such as climate activism,
artificial intelligence, journalism, and fashion.

2. Data Collection: Data was gathered by focusing on influencers who demonstrated
a strong interest in the identified topics. This involved examining their posts, likes,
comments, and interactions with followers.

3. Manual/topic-based categorization methodology: Influencers were grouped into
based on the primary topics they discussed and the overall similarity of
their content.

4. Manual/topic-based categorization criteria: The criteria for forming groups included

• Content Analysis: Assessing the frequency and relevance of keywords within
captions and content related to each topic featured in influencers’ posts.

• Engagement Metrics: Evaluating likes and comments associated with
specific topics.

The dataset collected is freely available and downloadable at the following link:
https://drive.google.com/drive/folders/19M04M7DtLzP_cE-6KIIk8Q4Ze1pFuPyN?usp=
sharing (accessed on 15 January 2026).

4.2. Dataset Description

For each influencers’ post, we also retrieved the corresponding caption, as well as
additional information such as likes and comments. In Table 2, we report the main statistics
and content information for each influencers group included in InfluEmo.

Table 2. Summary of influencer datasets.

Information Climate AI Journalist Fashion

Posts 3883 13,528 3447 17,085
Images 1285 5841 1276 4146
Sidecars 1480 3053 674 8524
Videos 1118 4634 1497 4415
Comments 1,497,042 1,251,386 1,268,510 12,278,121
Likes 77,024,098 91,609,122 29,730,855 2,583,396,940
Profiles 193 304 195 280
Captions 3825 12,981 3331 15,928
Range of Time 31 December 2011 to 25 May 2024 30 December 2013 to 23 May 2024 2 May 2011 to 2 May 2024 22 May 2012 to 23 May 2024

4.3. Data Cleaning

In the final collected dataset, we also had the two features of ’sponsorid’ and ’paid-
partnership’, which represent the collaborations between users and organizations. These
features were not considered in the calculation of engagement due to insufficient data in
respect to the total number of posts of each group as shown in Table 3.

Table 3. Data of paid partnerships and sponsors for each influencer group.

Feature Fashion Climate AI Journalist

paidPartnership 442 62 117 4
sponsor/0/id 313 37 77 3

Number of Posts 17,085 3883 13,528 3447

Regarding the size of the dataset, it is important to mention that the total number
of posts does not match the total number of URLs in the “url” column, as some URLs
correspond to non-existent data. Specifically, in the fashion influencer dataset, there are
17,092 URLs but only 17,085 actual posts. For climate influencers, there are 3903 URLs
compared to 3883 real posts. In the AI influencer dataset, there are 13,553 URLs and
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13,528 actual posts. Finally, the journalist dataset contains 3455 URLs but only 3447 real
posts. Because of this, for the calculation of the total number of posts was considered
the column “type” which contains the type of the published content that exist. This is
important to avoid compromising the integrity of the dataset, ensuring that the analyses
are based on true values. All the columns related to comments, such as first comment
and latest comments, were used for the calculation in Section 3.4 in order to provide a
picture of user interactions. In addition, these columns were also taken into consideration
to describe and understand the sentiment emerging from user comments by analyzing
the text.

5. Experiments and Results
After conducting a preliminary analysis of the captions, which outlines the content of

all posted items, the following steps of analysis were undertaken.

Step 1: Identify the most frequent words associated with each caption.
Step 2: Filter out words deemed “not relevant” for the analysis. “Not relevant” refers to
words with a neutral sentiment score, and so equal to 0, using the package [33].
Step 3: Analyze the number of likes associated with captions that contain non-neutral
sentiment words.
Step 4: Order the results in descending order based on the number of likes.
Step 5: Perform a sentiment evaluation using the package [33] to determine the sentiment
generated by the most liked words.
Step 6: Analyze the correlation between the sentiment associated with the words and their
respective likes.
Step 7: Plot the results, demonstrating that words with higher likes are associated with a
positive sentiment score.

A detailed explanation follows. Firstly, we extracted the more popular words adopted
in the captions with the higher number of likes as shown, for example by Figure 11,
for each word was associated with their specific number of likes. Figure 1 shows
an example.

Figure 1. Example of correlation between words with the most likes and the sentiment they express
for the fashion influencers.

Then, we considered the words and relative number of likes, for which we computed
the corresponding sentiment scores. Finally, the correlation between the ‘likes’ and the
‘sentiment_score’ was computed in order to understand the relationship between the
number of likes and the sentiment expressed. For example, if we find a positive correlation
coefficient (e.g., 0.80), this suggests that as the sentiment score increases (more positive sen-
timents), and the number of likes also tends to increase. Conversely, a negative correlation
coefficient (e.g., −0.40) would indicate that higher sentiment scores are associated with
fewer likes.
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5.1. Description of the Experiments

Firstly, as mentioned before, an analysis was made of the text and of the words of
caption. We furthermore identified the words that were more frequently used. All of these
words were appropriately filtered by removing those that were not useful for the sentiment
analysis, such as prepositions. Additionally, less frequent words were excluded to focus on
the most relevant terms. The remaining words were then sorted based on their frequency.
Subsequently, another filtering was performed to conduct an analysis that relates them to
the sentiment score. Neutral sentiment results have a score of 0, so the objective was to
analyze words that can have positive or negative impact on the users. Consequently, when
all the relevant words were identified, we performed a further analysis for the number
of “likes”. It is possible to see the words which have more likes and if the sentiment they
generate is positive or negative.

This part of the analysis was interesting not only to gain insight into what users
can convey, but also to understand the impact that followers can have through posts.
Furthermore, this allowed us to determine whether the sentiments shared by influencers
on social media are reflected in the perceptions of their followers. Eventually, a box plot
was plotted that showed the sentiment perceived from the comments of the followers,
as showed.

To further relate social media engagement with users’ emotions, we relied on the
so-called Jakobson’s theory, which provides a useful framework for analyzing social media
engagement [38]. This theory helps to understand how communication strategies impact
the interactions between influencers and followers. Consequently, engagement interactions
are defined based on the following points:

• Emotional: The type of communication that is adopted is designed to make followers
attached to what is being promoted.

• Cognitive: A communication strategy that creates positive–cognitive associations and
reinforces brand awareness.

• Conative: A strategy that induces customers to react, such as through engagement
in communication.

5.2. Results

In this section, we will describe the results obtained, revealing the results for each of
the influencers groups considered.

5.2.1. Fashion Influencer

In Figure 2, we show a box plot for understanding how the caption made by the
influencers can impact the users, looking at the comments of the followers.

Figure 2. Sentiment score distribution of the comments of the followers for the fashion
influencers group.
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As can be seen in Figure 2, the box appears to be more skewed towards the right
side, suggesting that the distribution of positive comments is more varied compared to
the negative ones. This suggests that there are more positive scores, reflecting a positive
sentiment, in comparison to negative ones. Positive comments are distributed across a
wider range, up to 0.5, whereas negative comments tend to be closer to 0, meaning they are
only slightly negative. Regarding the outliers, which are present on both sides of the axis,
they indicate that there is no clear predominance of either negative or positive scores in
the extreme comments. The engagement calculation takes into account interactions such
as “likes” and “comments” per post, calculating the average. Engagement is calculated
by summing the total number of likes and comments for each post and then dividing by
the number of posts. The number of average likes is 138,884.6 and the number of average
comments is 660.0785. The entropy scores distribution is reported in Figure 3.

Figure 3. Fashion entropy scores distribution.

The same steps were made for all the other groups. For the fashion influencers, what
was obtained from the first filtering of the most used words is shown in Table 4 together
with their sentiment score.

Table 4. Top fashion influencers’ words, with relative counts and sentiment scores.

Word Total_Likes Sentiment_Score

love 40,3071,965 0.75
life 123,996,708 0
happy 113,063,991 0.75
years 91,582,606 0
work 80,947,489 0.25
always 80,856,713 0
beautiful 76,229,893 0.75
fun 66,097,736 0.75
special 63,789,201 0.8
summer 59,489,500 0
collection 56,858,174 0
ever 53,125,829 0
good 51,236,265 0.75
friends 43,571,541 0
incredible 39,978,179 0.5
hair 39,174,293 0
season 36,660,558 0
favorite 34,766,112 0.75
set 32,714,894 0
ad 30,113,009 0
creative 28,220,260 0.75
paris 27,386,331 0
need 26,077,077 0
great 25,713,584 0.5
spring 24,994,950 0
ready 23,613,361 0.8
director 18,786,516 0.25
shop 15,904,853 0
photographer 10,470,899 0
bag 4,065,846 0

The correlation analysis from the likes and score sentiment is reported in Figure 4.
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Figure 4. Correlation between the sentiment score of the words and likes.

The plot shown in Figure 4 with a regression line above, that approximates data with a
linear relationship, reveals the relationship between likes and sentiment scores of a fashion
influencer. The x-axis is labelled as the sentiment score, which varies from around 0.3 to
0.8. The y-axis represents the number of likes (ranging from 0 to around 400 million). We
can further see the blue regression line which indicates the relationship that exists between
the sentiment score and number of likes. In other words, the sentiment score and number
of likes appear to increase together. The confidence interval is represented by the shaded
grey areas around the regression line. This shows the potential band in which the actual
regression line could be with some degree of certainty.

Further more in Figure 5, the emotions are shown on the y-axis and their frequency
is reported on the x-axis. Each emotion is represented by a different colour. The fashion
influencers show a high frequency of positive emotion, followed by joy. The negative
emotions, such as anger and surprise, have a lower frequency.

Figure 5. Distributions of the emotions in the Fashion group.

5.2.2. Climate Influencers

Regarding climate influencers, the box plot in Figure 6 shows the level of engagement
of their followers in response to the influencers’ posts.

Figure 6. Sentiment score of the comments of the followers for the climate influencers.
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It can be seen in Figure 6 that the box plot appears to be slightly extended to the right.
This suggests a slight distribution of negative comments on the left side of the median,
represented by the vertical black line. While the majority of comments are positive, a
slight portion reflects negative sentiment as well. In fact, in this specific case, the negative
comments are more than those shown in the previously mentioned Section 5.2.1. Regarding
the outliers present on both sides of the axis, they indicate that there is no clear dominance
of either negative or positive sentiment in the extreme comments.

The engagement calculation takes into account interactions such as “likes” and “com-
ments” per post mentioned before in Section 5.2.1. In the case of the climate influencers
groups, we obtained a number of average likes equal to 19,544.12 and a number of average
comments equal to 379.8635.

In Table 5, we report the statistics of words, number of likes, and the sentiment score
for the climate influencers groups.

Table 5. Climate words, number of likes, and sentiment scores.

Word Total_Likes Sentiment_Score

climate 24,062,497 0
people 17,010,825 0
week 14,837,788 0
world 12,315,440 0
thank 8,700,186 0.5
bio 8,244,309 0
love 8,135,223 0.75
time 7,033,452 0
support 6,871,694 0.5
share 5,996,525 0.5
crisis 5,797,730 −0.75
justice 5,407,179 1
planet 5,361,310 0
book 5,101,078 0
years 5,002,144 0
help 4,973,898 0
even 4,892,008 0
change 4,645,568 0
need 4,536,778 0
community 3,695,966 0.6
work 3,685,095 0.25
action 3,676,430 0.25
water 3,496,459 0
earth 3,407,339 0
made 3,141,681 0
together 2,871,161 0
food 2,483,302 0.4
always 1,574,595 0
sustainability 1,320,829 1
groupsy 0 0

After filtering the data, it is evident that not all of the most frequently used words
have a positive sentiment score. For example, the word crisis has a negative score of −0.75.
We further evaluated the correlation between the number of likes and the word sentiment
scores. The results are shown in Figure 7.
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Figure 7. Correlation in the climate influencers group between the sentiment score of the words
and likes.

The plot shown in Figure 7, with a regression line above, reveals the relationship
between likes and sentiment scores of a climate influencer. On the x-axis, we represented
the labelled sentiment score, which varies from around −0.5 to 1. The y-axis represents
the number of likes (from 0 to around 10 million), so a very lower number in respect to the
group of fashion influencers shown in Figure 4. We further overlayed a purple regression
line which indicates the relationship that exists between the sentiment score and number of
likes. This means that the sentiment score does not rise up as the number of likes increases
and this could be due to the fact that the negative sentiment from some types of word are
relatively high. The shaded grey regions around the regression line are the confidence
interval. Then, the result for the entropy is shown in Figure 8.

Figure 8. Climate entropy distribution score.

The plot of entropy showed in Figure 8 shows that a value from 0.6 to 1 seems to be
more uniformly distributed, and a large spike exists, indicating that a greater proportion of
content is unpredictable.

Regarding the emotions in the posts related to this group, the structure is the same as
the one shown in Figure 5, where positive emotions are dominant, but at the same time,
negative emotions, such as fear and anger, are also relevant. We see this results in Figure 9.
In this case, anticipation is notable, but it is not as significant, as reported in the plot of
entropy shown in Figure 8.
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Figure 9. Distributions of the emotions in the climate group.

5.2.3. AI Influencers

In Figure 10, we plot the distribution of the sentiment scores for the AI influencers
group.

Figure 10. Sentiment score of comments by followers for the AI influencers group.

As shown in Figure 10, the distribution of sentiment scores is concentrated around 0,
indicating that the majority of comments have a neutral sentiment. There are some outliers
on both the negative (left) and positive (right) sides, but they are relatively few compared
to the central concentration.

Before obtaining a sentiment score of these words, several operations of filtering were
necessary. This because the language that frequently occurs is based on strictly technical
language, which has a neutral sentiment score. From these results, in Table 6, we can
understand that filtering the text before the analysis is extremely important. This is because
many of these “educational posts” are based on technical language, which would otherwise
turn out to be mainly characterized by a neutral sentiment. In Figure 11, we can observe
the correlation plots illustrating the relationship between the sentiment scores of the words
and the number of likes, indicating that a slightly higher number of likes is associated with
a more positive sentiment score.

Figure 11. Correlation between the sentiment score of the words and likes.
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Table 6. Number of likes and sentiment scores for the AI influencers.

Word Total_Likes Sentiment_Score

ai 16,262,047 0
bio 14,337,158 0
world 8,662,443 0
video 8,467,508 0
science 7,789,124 0
people 7,536,562 0
tech 7,058,360 0
image 5,660,375 0
love 5,294,934 0.75
learn 4,822,838 0.8
technology 4,555,970 0.1
chatgpt 4,360,019 0
work 4,337,798 0.25
light 3,703,840 0
space 3,353,432 0
need 3,258,700 0
human 3,110,915 0
openai 2,870,174 0
research 2,385,034 0
experience 2,379,570 0
artificialintelligence 1,917,340 0
data 1,422,167 0
episode 1,383,397 0
google 1,216,349 0
nvidia 867,356 0
learning 697,344 0.8
app 647,389 0
startup 640,531 0
art 603,972 0.6
business 592,498 0
digital 456,956 0
coding 308,073 0
machinelearning 251,693 0
kdnuggets 32,434 0

The plot in the Figure 11 shows a weak correlation between “Likes” and “Sentiment
Score”. The yellow regression line is almost flat, likely due to the fact that most of the terms
used have a neutral sentiment, resulting in a sentiment score close to 0. This demonstrates
that the remaining words with either a positive or negative sentiment score are relatively
few in comparison, and thus do not significantly affect the overall distribution compared
to the neutral terms. Some points, like the one with 8 million likes, are outliers, but they do
not have a clear effect on the general trend. The calculation of engagement explained in
Section 3.4 follows the same procedure as in Sections 5.2.1 and 5.2.2, and was performed. In
this AI influencers case, we counted an average number of likes of 6760.751 and an average
number of comments of 92.35321. The engagement is calculated by summing the total
number of likes and comments for each post and then dividing by the number of posts. In
Figure 12, we can see the entropy distribution plot obtained.

The bar chart illustrates that the distribution of normalized entropy scores, in which
the x-axis represents the normalized scores, have a range that rises from −1.0 to 1.0,
while the y-axis represents the frequency, indicating the frequency of occurrences for
each bin of normalized entropy scores. There is a notable peak at −1.0, suggesting a
very high frequency of samples with normalized entropy scores at that extreme showing
unpredictability in the posted content, but the remainder of the distribution (from −0.5
to 1.0) displays a more balanced spread, with slightly higher frequencies grouped around
0.5, showing a slight predictability. In this group, positive emotions are more frequent,
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as shown in Figure 13, but in contrast, fear also has a significant presence. The count for
anticipation is around 30,000, which corresponds to what we can see in the entropy plot in
Figure 12, while anger and surprise are the least relevant.

Figure 12. AI entropy distribution.

Figure 13. Distribution of the emotions in the AI posts.

5.2.4. Journalist Influencers

We report here the analysis performed on the journalists influencers group.
As shown in Figure 14, the median, represented by the vertical black line, is not

exactly in the center of the box but slightly shifted to the left. This indicates that 50% of
the sentiment scores have a tendency towards more positive values compared to negative
scores. In contrast, in the box plot of the “Sentiment score of the comments of the followers
fashion” in Figure 2, the negative scores were significantly lower. There are some outlier
values on both the negative and positive sides, but they appear to be few compared to the
central concentration. For the engagement calculation, the process is the same explained in
Section 5.2.1. The results are reported with an average of likes of 8538.407 and an average
number of comments of 364.305. From Table 7, we can see the words, their corresponding
likes, and sentiment scores.

Figure 14. Sentiment score of the comments of the followers for the journalist influencers.
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Table 7. Journalists’ most used words, number of likes, and relative sentiment scores.

Word Total_Likes Sentiment_Score

night 3,996,085 0
family 3,080,330 0
bio 2,616,037 0
today 2,518,991 0
happy 2,124,104 0.75
friend 2,077,665 0.8
people 2,018,108 0
year 1,981,505 0
watch 1,839,997 0
love 1,789,909 0.75
life 1,529,240 0
home 1,516,266 0
morning 1,410,616 0
team 1,337,031 0
great 1,268,229 0.5
every 1,087,248 0
special 967,102 0.8
women 966,229 0
back 961,378 0
world 908,839 0
story 827,618 0
news 810,657 0
join 742,187 0.25
thanks 664,167 0.6
conversation 66,0761 0
good 660,710 0.75
book 586,423 0
down 527,751 0
president 518,171 0
work 471,233 0.25

The plot for the correlation is shown in Figure 15.

Figure 15. Correlation between the sentiment score of the words and likes.

The plot in Figure 15 explores how the number of ”likes” correlates with the “sentiment
scores” of the content made by journalist influencers. The x-axis represents the sentiment
scores and varies from 0 to about 0.8, showing that all analyzed contents have a neutral to
positive sentiment. The y-axis represents the likes range from 0 to over 2000.000.

Each black dot represents a data point, linking a specific comment’s sentiment score
to the number of likes it received. The orange regression line illustrates the trend in the
relationship between sentiment scores and likes. The line slopes upward, indicating that
as sentiment scores rise, the number of likes tends to increase as well. The gray shaded
area represents the confidence interval surrounding the regression line. There is a positive
correlation between sentiment scores and likes. Generally, higher sentiment scores (more
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positive terms) are linked to a greater number of likes. Some comments with similar
sentiment scores received vastly different numbers of likes. Subsequently, a graphic of the
entropy is illustrated in Figure 14.

Figure 16 shows that the distribution indicates that many comments are either very
predictable (low entropy) or exhibit moderate to high unpredictability (higher entropy
scores), while fewer comments fall into the mid-range entropy category.

Figure 16. Journalist entropy.

In the bar plot shown in Figure 17, it is possible to see that positive emotions are
frequent, with less frequency for sadness and disgust. Anticipation is also noteworthy, but
it is not as frequent as in the groups of fashion influencers and AI influencers, as shown in
their respective Sections 5.2.1 and 5.2.3.

Figure 17. Distribution of the emotions in the journalist posts.

6. Discussion
Although a common thought might associate people’s interest with simple content,

what emerges from the plots is that higher engagement seems more closely related to
the positivity of the language used. Additionally, the topics discussed using that type of
language also play a role. This is demonstrated by the sentiment scores associated with the
language, and this result explains why there is a significant concentration of followers in
some groups compared to others. Thinking about the group of the fashion influencers, after
filtration operations what was clear was that there was no need to do several operations to
obtain the words where the sentiment score was non-neutral, and all the most common
words that are used have a positive sentiment score. Compared to the other datasets, it is
straightforward that the datasets of climate and journalists adopt common words that have
a negative impact on the followers, while for the AI influencer, what happens is that the
filtration operations required more steps since the language used was of a technical nature
and so the language that is used is purely neutral. So this might explain why there are
not many followers, because there is no use of a strong collection of words with a positive
sentiment score capable of attracting many people.
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Analyzing the correlation of the graphs, it was possible to see that starting from a
sentiment score (discussed in Section 5.2) of 0.4, the likes are greater in respect to the words
that have a sentiment score less than 0.4.

From the results of the engagement, it is possible to see that greater engagement
obtained from the fourth group is from the group of fashion influencers, explaining the
correlation of the words with a positive sentiment score. The groups of journalists and
climate show less likes in respect to the fashion influencer but with a great average of
comments and this might be for the sentiment that is generated from the text.

Regarding the comments, it emerges that the reaction to influencers’ captions reflects
the same sentiment as the users’ comments, showing that more positive captions tend to
generate more positive comments. Vice versa, the more negative captions tend to generate
more negative comments.

In conclusion, the dataset of AI has an average of comments and likes that is not really
high and this could be a consequence of the huge number of neutral words adopted, not
capable of capturing a great attention of followers.

In relation to the entropy, it is evident that less entropy is concentrated in the fashion
dataset, suggesting that the text and arguments treated are more coherent, predictable,
and not conflicting. In fact, this is also detectable from the distribution of emotions in
the fashion dataset, which shows high values of anticipation and positivity. The other
datasets exhibit higher entropy, leading to a loss of curiosity in the reader. It is a paradox,
but considering the climate situation, the unpredictability of the news can make readers
anxious about future scenarios. This result indicates that people prefer to follow clear
and predictable content. Although the AI group also shows higher entropy compared to
the fashion group, it has a significant value of entropy around −1, as shown in Figure
12, indicating higher predictability. On the other hand, negative sentiments such as fear
are also higher in the AI group compared to the fashion influencer. This underscores that
predictability and positivity are key factors in gaining as much attention as possible.

7. Conclusions
The research question addressed is related to the significant influence of social media

on consumer behaviour and how the opinions and language used by influencers shape the
minds of their followers. The research explores why certain groups of influencers are more
attractive than others, identifying the key factors behind this distinction. In conducting
these analyses, some challenges arose due to changes in Instagram’s policies in 2018. These
changes made it more difficult to access information from Instagram profiles, complicating
the management of interactions. The study focused on four different groups of instagram
influencers, referred to as groups, as they grouped influencers by similar interests. The
groups considered were fashion influencers, journalist influencers, AI influencers, and
climate influencers. The analysis examined the language used by these influencers in
their posted content and the emotions evoked. The novel dataset collected, InfluEmo,
included data such as the number of posts, comments, likes, profiles, and other types of
observations. The analysis focused on understanding which language strategies are the
most successful in attracting more people and increasing interaction between influencers
and their followers. To uncover these patterns, sentiment analysis and entropy calculations
were performed. Based on the results in Section 5.2, the study provides valuable insights
on how to improve communication strategies to reach a larger audience, highlighting the
importance of language in fostering trust and authenticity. Similar analyses performed were
aimed at explaining the success of influencers and understanding the effects of social media
on users. However, no attention was given to why most users were attracted to specific
topics and less to others. The datasets provided in this study were properly elaborated to
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perform the analysis. To the best of our knowledge, no public datasets exist of this type,
based on specific research to clearly distinguish between each dataset according to the
topics they addressed and taking into account the most influential people as influencers for
each of these datasets.

In addition, the study was conducted by analyzing the main factors behind the success
of influencers, interpreting the structure of the text used in the content posted by influencers,
and assessing the impact they have on users by examining users’ comments and likes.
There is one important limitation to be highlighted. The possible deleted comments and
modification to posts are not available in the dataset retrieved. Some negative comments
could have been deleted, and not present in our analysis, introducing some sort of post-
processing bias in the results obtained which could be taken into account. In further studies
and data collection, if this information becomes available, it would be extremely interesting
to be analyzed. On top of the above limitations, some further improvements on the number
of hashtags and choice of the influencers could be made, in order to further improve
the dataset and so on. The results showed a positive correlation between the number of
likes and the sentiment they provoke. The more positive the sentiment generated, the
more likes are associated with the content. It is also interesting to note that as entropy
increases, engagement decreases. This is due to the fact that users tend to prefer predictable
content with less complexity, which explains why, for example, the dataset of fashion
influencers has more engagement compared to AI influencers, climate influencers, and
journalist influencers, who spread a higher level of knowledge. This may be surprising,
as one might expect people to be more attracted to richer content rather than to simpler
content. Additionally, these results can be related to the study in [40], which discusses the
poor results in academic performance that can be associated to a lack of attention that social
media may promote. In fact, the most attractive content seems to be the one that requires
less attention. Future work might include the extension of the dataset to further groups, as
well as the investigation of possible cross-effects of success between Instagram and other
social networks where the influencers might have connected accounts.
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