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Abstract— This study aims to create Social Media Analytics (SMA) tools to help Digital Marketers or Content Creators create content
topics for creating text-based Instagram content and support digital marketing strategy. Since no SMA tools can provide topic discovery
for text-based Instagram content, this research aims to make an SMA tool. The data requirements to make an SMA tool include content
text, content caption text, likes, comments, upload time, and content category obtained through the Instascrapper. The method used in
this study is the Topic Modelling method using the Latent Dirichlet Allocation (LDA) approach to find the most dominant topic in the
content. Optical Character Recognition (OCR) performs an image transformation process to extract text from text-based Instagram
content images. The results of SMA tool creation are tested on three expert users, which shows that 93% of test participants could use
the SMA to find topic references, and 85% can still be used by users even though they find it difficult. Since the test result shows that
SMA tools still need development, for further research, SMA tools can focus on developing the user experience to increase the value of
user acceptance by paying attention to the ease of the SMA tools. Also, SMA tools can focus on target users such as Data Analysts,
Business Intelligence Analysts, or others within a company to support decision-making for the marketing department.

Keywords— Digital marketing; Instagram; latent dirichlet allocation; optical character recognition; social media analytics; topic
modelling.

Manuscript received 10 Feb. 2022; revised 5 Aug. 2023; accepted 24 Sep. 2023. Date of publication 31 Mar. 2024.
International Journal on Informatics Visualization is licensed under a Creative Commons Attribution-Share Alike 4.0 International License.

which is accommodated by a tool or system called social
I. INTRODUCTION media analytics (SMA) [11], [12].

So far, SMA uses content metadata such as the number of
interactions visualized as a dashboard; some SMA tools using
website-based are Instagram Insight, SocialSprout, or
Brandwatch Benchmark. Besides, several studies on SMA
used metadata, captions, and comments for social listening by
analyzing the sentiment [13], [14]. However, no SMA tool
uses text on the image of the content. The absence of an SMA
tool that uses text on the image of content is because the
existing SMA is still being developed for content in general;
therefore, using text on the image of content is not a top
priority [15]. Moreover, before analyzing the text on the
image of the content, the text needs to be extracted, which
often misrecognizes other forms in the text [16], [17], [18].

In several studies, the extraction process on images
containing text has been done to extract memes [19] or text
on promotional images [20]. However, the topic of the text on
the image has yet to be found. Therefore, it is necessary to do
topic modeling to process information to find hidden topics

As a social media platform designed to share photos and
video-based content, Instagram has grown in Indonesia, with
the number of Instagram users reaching 98.060,000 in August
2021 [1]. Of the many types of Instagram content, text-based
content has become a trend for users to spread social
information [2], [3]. Text-based content on Instagram appears
because users are growing skeptical of traditional marketing
methods. Hence, they prefer the text-based content type that
can give more value to their lives [4], [5]. It encourages
content creators, from businesspeople to influencers, to create
text-based content that can spread information and education
to its target users [6], [7].

Like the other content, content creators require an ideation
process [8] in creating text-based content because the ideation
process is trying to choose a crucial relevant topic [9], [10].
In the topic selection process, content creators are trying to
search, collect, and create insights by analyzing social media,
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from images that have become text documents based on what
has been done in several previous studies on product
development planning [21], [22] or on finding a research topic
[23].

Optical Character Recognition (OCR) is used to convert
documents into ASCII characters (machine-readable
characters) [24]. In its application, OCR needs to perform an
image transformation process first to allow machines to
recognize characters just like humans use their eyes to see an
image [25]. The process consists of image input, pre-
processing, segmentation [26], normalization, extraction, and
recognition [27].

Furthermore, topic modeling using Latent Dirichlet
Allocation (LDA) will work as a form of textual data
modeling process to identify topics [28] attached to a
document or data. Text documents can be in the form of
books, journal articles, or various kinds of unstructured text.
In the identification process, topics from documents that have
been previously extracted using OCR will be found.

The results of this study are expected to make an SMA tool
using OCR and Topic Modeling, which can provide relevant
topic references to support topic selection in the text-based
content ideation process on digital marketing content.

II. MATERIALS AND METHOD

This study applies Optical Character Recognition (OCR)
and Topic Modelling to process the discovery of text-based
Instagram content on developed Social Media Analytics. It
provides insights into the Digital Marketer or Content
Creators for supporting digital marketing strategy. Social
Media Analytics development will be done with the analysis,
design, and integration stages [29]. After SMA is developed,
the next step is to implement and integrate SMA. The
developed SMA tool is delivered to the users to get opinions
and input from users who are digital marketers, social media
specialists, and content creators from different companies.

A. Social Media Analytics Basic Needs Analysis

Social Media Analytics has developed into one of the
business features needed in various stages of social media
[30], [31], one of which is the creation of content ideas [32].
Therefore, it is necessary to analyze the basic needs of various
SMA tools to ensure that the SMA developed can meet the
unique needs of supporting idea reference discovery and the
basic needs of Social Media Analytics. The basic needs
analysis is carried out by considering the most popular Social
Media Analytics such as Instagram Insight, Sprout Social
Instagram, and Brandwatch Benchmark.

1) Instagram Insights: Instagram Insight is an SMA by
Instagram to support users in observing the progress of their
Instagram accounts [33]. Some of the analysis supported by
Instagram can be seen in Table I.

2) SproutSocial Analytics Tools: SproutSocial Analytics
Tools is one of the SMA that provides support in marketing
analysis across various channels and has been trusted by more
than 30,000 world-class companies [34]. Some of the analysis
supported by SproutSocial Instagram Analytics Tools can be
seen in Table II.

3) Brandwatch Benchmarks: Brandwatch Benchmark is
one of the features used to support finding information by
comparing one account to another [35]. Some of the analyzes
supported by Brandwatch Benchmark can be seen in Table
I11.

TABLEI
INSTAGRAM INSIGHT ANALYTICS MAPPING

Analysis Information provided
Reach analysis o Number of reached accounts.

o Reach accounts status
(Follower/Non-Follower).

o Distribution of the amount of
reach for each type of content.

o Best reach content for each type of
content.

o Number of impressions.

o Number of profile visits.

Engagement Analysis e The number of interesting
accounts.

o Interested account status
(Follower/Non-Follower).

o Distribution of the amount
interactions for each type of
interaction and content type.

Followers Analysis o Number of followers.

o Follower growth in a certain
period.

o Follower distribution for each of
the 5 best locations.

o Distribution of Followers for each
age range.

o Distribution of Followers for each
gender.

o Distribution of Time and Active
Days of Followers and Content.

TABLEII
SPROUT SOCIAL INSTAGRAM ANALYSIS MAPPING

Analysis Information provided
Post analysis o Best Content Photos.
o Engagement of each content.
o Captions for each content.
o Distribution of time and days of
uploaded content.

Audience analysis o Distribution of the amount of
content, likes, and comments
uploaded in hours or days.

Competitor analysis e The distribution of the amount of
content, likes and comments
within a certain period of time and
the development of followers from
time to time.

TABLE III
BRAND WATCH BENCHMARK ANALYSIS MAPPING

Analysis Information provided
Marketing o Information content.
strategy o Engagements for each content.
analysis e Spread time upload.

o Use of captions.

Performance o Best content performance.
analysis o Use of captions.
o Content performance in certain time.

The SMA developed in this research can be used as a Social
Media Information Discovery to find topics using Natural



Language Processing [36], [37]. The results of the research
mentioned that Instagram Insight could support an in-depth
analysis of the target market profile, the SMA analyzed have
similarities in some of the information provided but have
different contexts and analysis objectives, and the similarity
in the information given to each SMA can signify that the
information has become the basic information needed by
SMA users in making decisions.

Some of the commonalities of information that can be
essential and required by SMA users are:

o The best types of content and information are in the

form of captions, likes, and comments.
« Content distribution based on a particular period.
« Distribution of content by the hour and day

B. Data Collection Process Design

At this stage, it is necessary to identify related to the data
needed so that further identification can also be related to the
source and the retrieval and storage process needed to retrieve
the required data [38]. Data needs are identified by mapping
information needs with the data needed for that information,
as shown in Table I'V.

TABLE IV
MAPPING OF INFORMATION AND DATA NEEDS
Information Needs Data Needs
Topics of analyzed content Content text and content
caption
The best type of content Content categories, likes,
comments

Distribution of content within a
certain period, Content
distribution by the hour and day

Content upload time

Furthermore, identifying data sources is carried out by
mapping the data needs with the data source of the data
provider, and the mapping results are shown in Table V.

TABLE V
MAPPING OF INFORMATION AND DATA NEEDS

Data Needs
Content Text

Data source

Not available directly because the
content needs to be extracted first
from the content image in
Instagram metadata using the
Optical Character Recognition

method
Content Caption Text, Available directly using Instagram
Likes, Comments, metadata.
Upload Time
Content Category Not available directly because the

content categorization is required
using the Topic Modeling method

Finally, the data retrieval and storage process design are
carried out by considering the data source, which results in a
process seen in Figure 1 that starts from scrapping targets,
extracting text, converting data, and storing data in the

provided data frame.
Scrapping
Instagram Target Data Storage

Fig. 1 Process of data retrieval and storage

Text Extraction and
Metadata

Conversion
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1. Scrapping Instagram Metadata: Scrapping can be
done using the Instaloader Python library [39]. The metadata
retrieved focuses on likes, comments, captions, upload times,
and content images. The results are temporarily stored in the
form of files in JSON format for metadata likes, comments,
captions, and upload times, while in jpg format for any
existing content.

2. Extracting image fo text: After the image has been
successfully retrieved, the text can be extracted using OCR
for each available image in each content. The available JSON
file and the extraction process will then be converted to CSV.
The results of this stage will be stored temporarily as variables
in the data frame format with the names in Table V1.

TABLE VI
TEXT EXTRACTION RESULT DATA

Data Variable name

Text from image 1 to 10 textl, text2, text3, text4, ... text10
Caption Caption

Likes Likes

Comments Comments

Upload date date

3. Final data storage: The text from the caption and

images will be combined because they have the same context.
This process aims to reduce storage memory and retrieve data
more effectively. Table VII shows the variable name of the
final data storage.

TABLE VII
FINAL DATA COLLECTION RESULT

Data Variable name
Content text Finals

Likes Likes
Comments Comments
Upload date Date

C. Data Pre-Process Process Design

The results of the data that have been collected then need
to be prepared in advance in the pre-processing data stage.
Therefore, at this stage, the pre-processing of the data will go
through two stages as follows.

1. Data Cleaning: Data cleaning is done first by using
the Tokenizing method to separate one word from another,
Filtering to select tokens that are not important, and stemming
from converting the word into its basic word until finally, the
data eraser that has no text in it is done [40]. This process will
be carried out with the support of English and Indonesian
libraries and the addition of non-standard words often used in
some instances.

2. Data Preparation: Data preparation was done to
create a corpus and library/dictionary list for later use in the
topic modeling process [41].

D. Data Processing Design

The results of the pre-processed data will then be processed
using topic modeling, which needs to determine the ideal
topic first. Determination of the perfect issue is done by
comparing the number of coherence values [42] for each
selected topic [43]. From the results of the coherence value,
the user can determine the number of topics he wants by
considering the coherence value or the number of issues



according to his preferences [42], [44]. Then, each piece of
content will be labeled according to the most dominant topic.

E. Type Design and Visualization Process

The visualization used in SMA is designed by considering
the basic needs of SMA and the results of the topic modeling
to suit user needs. The results of the visualization mapping
table with user needs are shown in Table VIII.

TABLE VIIT

TYPES OF VISUALIZATION
Information Needs Visualization
The best type of content Bar Chart
Distribution of content within a Scatter Plot
certain period
Content distribution by the hour ~ Bar Chart
and day
Topics of analyzed content Wordcloud and Barchart

F. Integration Process

The SMA process is integrated by combining several
existing main processes into a class containing functions to be
used separately but still in a good unit. In addition, the
integration process is carried out by understanding the
interactions that users can carry out. This integration process
is carried out to produce optimal topics using the
InstaScrapper, Cleaning, and TopicModelling class.
InstaScrapper class is used to collect text data from Instagram
so that it can be used at the Topic Modeling stage or different
stages, the cleaning class is used to carry out the pre-
processing data stage, especially at the cleaning stage, and the
TopicModelling class is used to carry out the topic modeling
process from preparing the corpus to the dictionary used. In
addition, this class is also used to carry out the visualization
process of a predetermined topic so that, in the end, it
produces knowledge that users can use. The design of the
integration process for each class can be seen in Figure 2.
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Fig. 2 Stages of integration process

G. Expert Evaluation

Expert evaluation is conducted through testing to assess the
understanding and acceptance of the developed SMA tool.
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This process is not intended as a sample test. Instead, it serves
as supporting data to determine whether the developed model
of the SMA tool can be comprehended and accepted by expert
users. In this context, expert users are the participants in the
expert evaluation. The expert user's profile is a digital
marketer, social media specialist, and content creator with a
stake in developing digital marketing strategies.

III. RESULTS AND DISCUSSION

The results from developing and implementing the Social
Media Analytics tool are presented in this subsection.

A. OCR Implementation

In the data collection process, the InstaScrapper class is
defined as scrapper = InstaScrapper(), so it can call functions
inside InstaScrapper to collect Instagram content data. Data
retrieval was successfully carried out by targeting the
dibimbing.id [45] account from 2023-01-05 to 2023-04-06 is
stored in a data frame. The data downloaded in data collection
is in the form of .jpg format containing Instagram content
images and. json.xz format containing content metadata. At
the same time, the program runs to perform text extraction for
each downloaded image.

Text extraction for each image is done using OCR. This
extraction is essential because the results of this extraction
will then be processed again in the cleaning process and data
processing using topic modelling. Therefore, to ensure the
extraction of text produced by OCR implemented in the SMA
tool, it is necessary to pay attention to the performance of
OCR extraction. The performance of OCR extraction can be
assessed by comparing the precision of the word results from
extracting content images into text against the actual words in
text-based Instagram content.

YourCareer

Quimbing

Arief Muhammad
Resmi Ditunjuk
Sebagai Duta

- Nasi Padang

=D

Fig. 3 Piece of text based Instagram content

Figure 3 shows a piece of Instagram text-based content in
the Instagram account of dibimbing.id. From the original
content in Figure 4, there are ten words in it, and those are
“dibimbing; #Y ourCareerPartner; Arief; Muhammad; Resmi;
Ditunjuk; Sebagai; Duta; Nasi; Padang”. Meanwhile, the
OCR extraction results only managed to get eight words that
matched the original content, and those are “Aibimbing; gp
Yourcareer; Arief; Muhammad; Resmi; Ditunjuk; Sebagai;
Duta; Nasi; Padang”. Therefore, the performance value
obtained in this piece of content is 80%. Therefore, the
extraction results will be compared to all images in the
Instagram content to assess the text extraction performance.
OCR extraction performance results are described in Table
IX.



TABLE IX
OCR EXTRACTION PERFORMANCE

Total Correct Words

Content Image  Original Extraction  Performance
Content Result

Content Image 1 10 8 80%

Content Image 2 96 93 96.8%

Content Image 3 40 38 95%

Content Image 4 31 28 90.32%

Content Image 5 33 23 69.70%

Content Image 6 45 20 44.44%

Total o

Correct Word 255 210 82.3%

Table IX shows the OCR performance result is quite good,
with a value of 82.3%, which successfully extracted 210
words from a total of 255 words. Some words that cannot be
identified well are brand logos like “dibimbing.id”, graphic
writing from photos, and contrast differences in the content
images.

B. Topic Modelling Implementation

The implementation of Topic Modelling involves the
process of data collection, data cleaning, and topic modeling.
It provides topic content recommendations, insights on
content performance, and content upload strategies from the
analyzed Instagram account. The data collection process is
performed using the InstaScrapper() function, which retrieves
data such as images, metadata, and text extraction from the
content. The extracted text is cleaned using the Clean ()
function.

ligital marke

di

dan

dari

Fig. 4 Word cloud result for automatic cleaning

Data cleaning in the SMA tool is carried out twice: first
automatically and then manually by the end-user to remove
irrelevant words. The extracted and cleaned text is visualized
in a word cloud. Figure 4 shows the results of automatic data
cleaning by the SMA tool. However, manual cleaning is
conducted to generate essential words, as shown in Figure 5,
since there are still some irrelevant words like dan, none, di,

gp, swip, yang, etc.

UL “UX
jwepbsi1ite

Fig. 5 Word cloud result for manual cleaning
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The cleaned data is used to process the Topic Modeling by
invoking the TopicModelling() function. The Topic Modeling
process provides content recommendations based on the
highest coherence score from the topic.viz() function. Figure
6 shows the results of the coherence score, and the highest
coherence score is 4; therefore, the optimum number for
generating topic recommendations is 4 topics.

0.52 4

0.50 1

0.48 1

0.46 1

Coherence score

0.44 1

T T T T
5 6
Num Topics

N+
w
IS
-
@ -
-

Fig. 6 Coherence Score Visualization

The content recommendations display word clouds and
related keywords for each content, as shown in Figure 7.
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Fig. 7 Topic recommendations and its keywords



Figure 7 shows the four topic recommendations generated
from the topic modelling exhibit varying dominance of
keywords. The dominant keywords for Topic 0 revolve
around UI/UX design and website-related matters. Topic 1
focuses on SEO, website data, and Google-related topics.
Topic 2 centers on job listings and portfolio-related
discussions. Lastly, Topic 3 encompasses career-related
matters, classes, and skills such as web development, data
science, business, etc.

Fig. 8 Content Performance: engagement and total content
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Besides, the analysis yields valuable insights into content
performance, offering a comprehensive understanding of
engagement levels, as shown in Figure 8. Content
performance shows the results of topic engagement on the
left-hand graph. The number of comments and likes
influences the topic engagement on Instagram content,
indicating the virality of the topic. On the other hand, the
number of content pieces per topic merely shows the quantity
of uploaded content.

The engagement and total content do not directly impact
each other. It is important to note that despite having the
highest engagement, it may have less uploaded content.
However, both insights are equally crucial in considering the
urgency of creating Instagram content, whether it aims for
virality or aims to address commonly discussed topics.

Therefore, it's crucial to consider the content trends, as
illustrated in the graph in Figure 9. The graph represents the
distribution of content over time. Each dot on the graph
represents a piece of content, where the x-axis indicates the
specific time range during which various topics are
extensively discussed, and the y-axis represents the
corresponding engagement levels of each piece of content.
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Fig. 9 Content Performance: Content trend by its distribution

The last result for Topic Modelling is visualizing insight
for the Upload Content Strategy. This result visualizes the
amount of content uploaded based on the day and time of
upload, which can be seen in Figure 6. The graph on the left
side indicates the best days for content upload, while the chart
on the right shows the optimal hours for content upload. Based
on the results, topics with the highest engagement are
predominantly uploaded on Wednesdays, Thursdays, and
Saturdays, specifically from 17:00 WIB to 18:00 WIB. This
result suggests that uploading content during those time
frames holds the potential for achieving high reach and
engagement.
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Fig. 10 Visualization of the amount of content by day and time
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However, it is essential to note that the interpretation of
data from each visualization in Topic Modeling may vary for
different users. Digital marketers, social media specialists,
and content creators have their way of interpreting data and
determining strategies to implement in their digital marketing
plans. Due to the dynamic nature of social media, the trends
are rapidly changing, and the selection of topics is tailored
individually to user needs and requirements.

C. Expert Evaluation Result

Expert evaluation is conducted by testing expert users
through two tests to measure their understanding and
acceptance. Also, the purpose of this evaluation is to gather
user opinions regarding the SMA tool that has been
developed. User feedback is valuable as it serves as input for
future improvements. The first test is for measuring user
understanding and usage to determine the performance of
SMA in providing topic references. The results can be seen in
Table X, which shows that of the 15 commands and questions
given, the average participant managed to answer 14 (93%).
This result indicated that the test participants could use the
SMA to find topic references.



TABLE X
TEST RESULTS FOR USER UNDERSTANDING AND USAGE

No Questions/Assignments Correct
1. What is the purpose of each currently Bar Chart Engagement Per Topic 3 testers
2. visible visualization? Bar Chart Total-Content Per Topic 3 testers
3. Scatter Plot of Content Performance Distribution in one period 3 testers
4. Stacked Bar chart Per Topic Content/Day 2 testers
5. Stacked Bar chart Per Topic Content/Hour 3 testers
6. Word cloud and Bar chart for each Topic 3 testers
7. What information can be inferred from Topics with the best engagements 3 testers
8. this visualization? Topics with the highest number of uploads 3 testers
9. Content performance trends 3 testers
10. The best upload days for the best topics 2 testers
11. Best upload day for the best time 3 testers
12. Summarizing the best topic content 3 testers
13. Summing up the contents of the worst topics 3 testers
14. From the information in each visualization, try to explain the overall conclusion you get! 3 testers
15. From this conclusion, try to explain the steps you might take after! 3 testers

The second test was carried out using the Systems Usability
Scare (SUS) method with a scale of 1-5 for users with negative
questions having a formula (5-n) and positive questions having
a formula (n-1) to get a maximum score of 4 for each question
and 40 for the maximum total score. The results of the test for
each statement can be seen in Table XI.

TABLE XI
TEST RESULTS FOR USER ACCEPTANCE USING SUS
# Statement Score
1. Users think to use this SMA as often as possible 3.00
2. Users think SMA is very complicated 3.60
3. The user thinks it will need someone's help touse  3.00
this SMA
4. Users think that SMA is easy to use 4.00
5. Users find the functions well integrated 3.60
6. Users think too much information is inconsistent ~ 4.00
in SMA
7. Users think many people will be able to learn to 3.33
use this SMA quickly
8. Users think SMA is hard to use 3.33
9. Users feel confident using SMA 3.00
10.  Users need to learn many things before being able  3.00

to use this system

From the average results of each statement, the lowest value
(3.00) comes from statements 1, 3, 9, and 10. Users explain that
they feel insecure because the developed SMA is in the form of
a Python program. Since the expert users are not IT people, they
need help to operate the SMA especially if they have some
problems. Meanwhile, the total average value for the User
Acceptance test is 85%, which signifies that users can still use
SMA even though they find it difficult. The results from the
User Understanding and Usage and User Acceptance give
insights into the performance of the SMA tool that has been
developed.

IV. CONCLUSIONS

The SMA tool has been successfully developed using
Python, using three essential classes: InstaScrapper, Clean, and
TopicModelling. The tool's success is measured by the OCR
performance value of 82.3% and the implementation of Topic
Modelling, which generates topic recommendations.
Additionally, it provides valuable insights into content
performance analysis and strategies for content uploading. The
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model of the SMA tool was tested on the expert users to get
their opinions and feedback regarding the SMA through Expert
Evaluation. The result of the Expert Evaluation shows that 93%
of participants were able to accurately identify relevant topics
and leverage the SMA tool's capabilities in generating topic
references and facilitating ideation for text-based Instagram
content. Moreover, the acceptance test score from the
participants is 85%. Notably, the lowest score was attributed to
participants who needed a programming background,
necessitating occasional assistance from others. The results
indicated that the SMA tool needs user proficiency in
programming, and the users need user-friendly interfaces and
guidelines to maximize the SMA tool's effectiveness. Some
suggestions for further development are that future research can
focus on developing the user experience on a web application
to increase the value of user acceptance by paying attention to
the ease of the SMA process. The development can focus on
targeted users such as Data Analysts, Business Intelligence
Analysts, or other roles within a company to support decision-
making from the marketing department.
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