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Abstract

Meme image sentiment analysis is a task of examining public opinion based on meme
images posted on social media. In various fields, stakeholders often need to quickly
and accurately determine the sentiment of memes from large amounts of available data.
Therefore, innovation is needed in image pre-processing so that an increase in performance
metrics, especially accuracy, can be obtained in improving the classification of meme
image sentiment. This is because sentiment classification using human face datasets yields
higher accuracy than using meme images. This research aims to develop a sentiment
analysis model for meme images based on key points. The analyzed meme images contain
human faces. The facial features extracted using key points are the eyebrows, eyes, and
mouth. In the proposed method, key points of facial features are represented in the form of
graphs, specifically directed graphs, weighted graphs, or weighted directed graphs. These
graph representations of key points are then used to build a sentiment analysis model
based on a Deep Neural Network (DNN) with three layers (hidden layer: i = 64, j = 64,
k =90). There are several contributions of this study, namely developing a human facial
sentiment detection model using key points, representing key points as various graphs,
and constructing a meme dataset with Indonesian text. The proposed model is evaluated
using several metrics, namely accuracy, precision, recall, and F-1 score. Furthermore, a
comparative analysis is conducted to evaluate the performance of the proposed model
against existing approaches. The experimental results show that the proposed model, which
utilized the directed graph representation of key points, obtained the highest accuracy at
83% and F1 score at 81%, respectively.

Keywords: DNN; graph; innovation; key points; meme; sentiment analysis

1. Introduction

A Meme is a rapidly spreading idea, behavior, or style, generally in the form of images
sourced from TV shows, movies, or user-created visuals accompanied by a witty text [1].
Typically, memes are intentionally created to express opinions, ideas, and emotions relevant
to a topic trending on social media. Generally, memes are created when a particular topic
gains widespread attention, as it is a phenomenon amplified by the growing number of
social media users. The increase in meme creation and distribution has prompted the
application of sentiment analysis, which is an analytical method that can be used to quickly
study public opinion towards digitally circulating memes [2]. Through sentiment analysis,
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the prevailing public mood can be discerned and anticipated for future trends [3]. This
analytical method has found applications in various domains, including politics [4,5],
tourism [6,7], government intelligence [8], and academia [9]. Meme images may or may not
contain human faces. However, sentiment analysis of meme images that contain human
faces can be carried out with the use of facial expression recognition (FER) images. FER
images contain only the face of a human and show various expressions of human faces that
depict different emotions.

Sentiment analysis using datasets of human facial images that are not memes has
been conducted by [10-15] and the resulting accuracy is more than 90%. These studies
used publicly available datasets such as Facial Expression Recognition (FER2013), Japanese
Female Facial (JAFFE), and/or Extended Cohn-Kande (CK+). The RAF-DB dataset was also
used in [16,17] for robust facial emotion recognition. The primary objective of these studies
was to categorize facial expressions into distinct emotions, including happiness, sadness,
anger, and neutral. Deep learning was the most common approach for facial expression
classification within these studies.

Despite extensive research on sentiment analysis, the number of studies that focus on
memes is still limited [18]. Sentiment analysis has been frequently used to classify public
comments/reviews regarding products, services, policies, and other subjects. Previous
studies that have carried out sentiment analysis of memes using meme datasets include
hateful meme classification [19,20], sentiment analysis-based emotion detection [21], sar-
casm detection [18,22], and identification of offensive content within memes [23]. All these
studies focus on meme datasets that contain non-Indonesian text, indicating the scarcity of
research on sentiment analysis using meme datasets that contain Indonesian text.

Previous studies have carried out sentiment analysis on image-based memes. Prakash
and Aloysius [21] carried out sentiment analysis on meme images based on facial expres-
sions using a CNN architecture. The corresponding emotions of the facial expressions
within the meme images are identified using the proposed CNN architecture. Subsequently,
the meme images are categorized into three types of polarity, namely positive, negative,
and neutral, based on the identified emotion. Meanwhile, Kumar et al. [24] applied the
Bag of Visual Words (BoVW) and SVM algorithm to classify meme images into five types
of polarity, namely highly positive, positive, neutral, negative, and highly negative. This
research achieved an accuracy of 75.4% in carrying out sentiment analysis of meme images.
Furthermore, Elahi et al. [25] conducted sentiment analysis on Bengali memes using a
multimodal approach. The proposed method produced an image accuracy level of 73%.

Various techniques have been used to recognize features of objects within images,
including the utilization of key points. Arwoko et al. [26] used key points to recognize
finger movements representing the numbers 1 through 5, in which the proposed Deep
Neural Network (DNN) model achieved an accuracy of 99%. Hangaragi et al. [27] used
facial points (key points) to recognize eyes, nose, mouth, and outer facial lines which
are then further used to detect human faces. The goal of the study was to create a facial
recognition system based on a DNN model, which achieved an accuracy of 94.23%. The
use of key points for feature extraction and the use of DNN models for classification in
research [21,22] was proven to produce a high level of accuracy. Therefore, in this research,
key points are used for feature extraction in meme images, while a DNN is used for one
of the classification models. By using key points, facial features that are needed for image
sentiment classification can be extracted. This is different from the research by Aggarwal
et al. [19] and Rosid et al. [22], in which sentiment classification was conducted with the
use of all the features within the image.

This study aims to develop a sentiment analysis model for meme images based on
key points [27], using a dataset of meme images containing Indonesian text from digital
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media. The meme images analyzed in this study contain human faces. Sentiment analysis
is conducted based on key points that represent facial features such as eyebrows, eyes, and
mouth. In meme image classification, key points can be focused on representing important
facial features to conduct sentiment analysis. These key points are represented in various
forms, namely (x, y) coordinates, vectors centered on one point [26], and proposed graph
representations, namely directed graph, weighted graph, and weighted directed graph.
The use of graphs can make classification easier, especially for complex systems [28].

DNN models were fine-tuned and used to determine the sentiment polarity of the
meme images, with the aim of achieving optimal accuracy. The use of key points in image
sentiment analysis is still not widely developed. Usually, sentiment analysis is carried out
from images that are processed directly using deep learning methods. The key point is
used by [22] to recognize hand gestures to indicate numbers 1 to 5. By using key points, an
accuracy of 98.5% is obtained. Even though the accuracy of [21] using machine learning
methods is still around 75.4%, further innovation is needed. By using key points, image
detection can be carried out in the required areas (corners, edges, unique patterns) so
that the model does not process the entire image. This can speed up the process, reduce
computing load, and save memory. Therefore, the contributions of this study are as follows
(1) Developing a human facial sentiment detection model using key points, (2) Representing
key points as various graphs, (3) Constructing a meme dataset with Indonesian text.

The subsequent sections of the paper are organized as follows: Section 2 describes
related work on sentiment analysis, Section 3 details the methodology of this study, Section 4
elaborates on the experiment and comparative performance analysis of the proposed
model, Section 5 discusses the results of the experiment, and finally, Section 6 presents the
conclusion and future works.

2. Related Work

Previous works have been conducted on sentiment analysis of meme images. Image
meme datasets were used for human facial emotion classification [9-14] and for building
a presence system based on facial data [22]. Meena et al. [10] analyzed the sentiment of
images that are not memes and consist of human faces using a hybrid CNN-InceptionV3
model. The public datasets in this study were Facial Expression Recognition (FER2013),
Japanese Female Facial (JAFFE), and Extended Cohn-Kande (CK+). The same datasets were
analyzed in the study by Meena et al. [11] to detect facial sentiment using VGG19. The
results of this study indicated that on the CK+ and JAFFE datasets, the use of the VGG19
method produced better accuracy compared to InceptionV3. Moung et al. [12] compared
the performance of Resnet50, InceptionV3, and CNN models for image sentiment analysis
on the FER2013 dataset. The experimental results of this study showed that the ResNet50
model obtained the highest accuracy.

Prior research on sentiment analysis of multimodal data has been conducted by
utilizing the Contrastive Language-Image Pre-training (CLIP) model, which is a model
that connects text and image data to generate a unified understanding of both modalities.
Liang et al. [29] used a CLIP-based multimodal feature extraction model to extract aligned
features from different modalities that prevent significant feature differences caused by data
heterogeneity. It was shown in the experimental results that the proposed model achieved
classification accuracy improvements of 9.57%, 3.87%, 3.63%, 3.14%, 0.77%, and 0.28% for
six different classification tasks compared to baseline models. Yu et al. [30] proposed a
cross-modal sentiment model based on CLIP image-text attention interaction. The model
utilizes pre-trained ResNet50 and RoBERTa to extract primary image-text features. The
experimental results indicate that the model achieved accuracy rates of 75.38% and 73.95%.
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Furthermore, previous studies on sentiment analysis have also been carried out on
multimodal meme datasets to identify offensive content [19] and to analyze sentiment based
on facial expressions [18,20,31]. While text meme datasets have been used for sentiment
analysis [32] and sarcasm detection [33]. Research related to sentiment analysis using
text meme datasets has been carried out in various fields, including economics [34,35],
tourism [36], academics [37], and customer satisfaction [38]. Almost all of these studies use
datasets from Twitter. Various machine learning and deep learning methods were used
to perform different tasks. It was shown that the use of deep learning methods produced
accuracies of more than 85%.

Several prior studies have focused on conducting sentiment analysis of multimodal
memes. Kumar et al. [24] aimed to analyze fine-grained sentiment from multimodal memes.
The polarity of sentiment was categorized into five classes, namely very positive, positive,
neutral, negative, and very negative. This study used a hybrid deep learning model, namely
ConvNet-SVMBoVW, that was based on CNN and SVM. The proposed model achieved an
accuracy of 75.4%. Kumar and Garg [31] conducted multimodal meme sentiment analysis,
focusing on meme images containing text. The sentiment score of images is calculated using
SentiBank, a visual sentiment ontology, and R-CNN. Text sentiment score was calculated
using a hybrid of context-aware lexicon and ensemble learning. Finally, the polarity of the
multimodal memes was determined by aggregating the scores of image sentiment and text
sentiment. Evaluation was carried out using randomly selected multimodal tweets related
to the Indian Criminal Court verdict against the LGBT community. The proposed model
achieved an accuracy of 91.32% for multimodal sentiment analysis.

Moreover, several previous studies focused on sentiment analysis based on facial
expressions. Aksoy and Gtiney [14] explored sentiment analysis based on facial expression
using a dataset of human facial images that are not memes. Facial expressions were classi-
fied into seven groups, namely happy, sad, surprised, disgusted, angry, afraid, and neutral.
Several public datasets were used, including Facial Expression Recognition (FER2013),
Japanese Female Facial (JAFFE), and Extended Cohn-Kande. The experimental results
indicate that the highest accuracy was obtained with the use of Histograms of Oriented
Gradients (HOG) for feature extraction and ResNet for classification. Moreover, sentiment
analysis based on facial expression is carried out by considering many facial features.
Zhang [39] stated that in a meme image, there exists a relationship between the object,
emotion, and sentiment.

Datasets of human face images are slightly different from meme image datasets. In
datasets of human face images, facial expressions are shown from several different angles
of the face. The meme images used in this study are meme images in which the face of a
person can be observed. Occasionally, the human face in a meme image may look small.
Based on the results of individual tests to see the differences in sentiment groups, with
o = 5%, it was obtained that in the face dataset (FER2013), 88.4% of features were different
between the sentiment groups, while in the meme dataset, only 53% of features were
different. As a result, sentiment analysis on the human face dataset will produce better
accuracy than sentiment analysis on the meme dataset.

In this research, sentiment analysis is carried out by extracting facial features within
meme images using key points. The key points indicating eyes, eyebrows, and mouth are
represented in five forms, namely (x, y) coordinates, vectors centered on one point, directed
graph, weighted graph, and weighted directed graph. Model evaluation is carried out
using several evaluation metrics, namely accuracy, recall, precision, and F1-score.
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3. Methodology

This study was conducted in five stages, namely (1) data collection, (2) key points
extraction from images, (3) key points representation using coordinates, vectors, and graphs,
(4) classification, and (5) evaluation of results. Figure 1 shows the flow diagram of the
five stages in this study.

Data Collection Key Points extraction from images Rep

ion of key points using coordinates,
vector, and graphs

A

Classification using Deep Neural Network

NGGA BOLEH GINI
NGGA BOLEH GITU

A
MINTA WA LO BOLEH NGGAK?
- N

Evaluation

Figure 1. Diagram of the research method.

3.1. Data Collection

The dataset used in this study consists of meme images containing Indonesian text
gathered from digital media. The memes are obtained from various social media, including
Instagram, Facebook, Twitter, Kompasiana.com, detik.com, Liputan6.com, and several
blogs. A manual collection of meme images was conducted between September 2021
and May 2024, using keywords such as ‘mudik’, ‘nikah, ‘17 Agustus’, ‘Idul Fitri’, “THR’,
‘liburan’, ‘Kaesang’, ‘piala dunia’, ‘Mandalika’, “politik’, ‘natal’, ‘tahun baru’, ‘timnas’.

The meme images that were collected are memes that contain human faces, in which
the shape of the eyebrows, eyes and mouth are visible. The face within the images must
be facing the front or at a slight angle. The system is not able to recognize side view faces.
Overall, there were 2200 meme images that were collected. Figure 2a shows a picture of a
smiling person, which is recognized as having a positive sentiment [12]. The text in the
image “Tersenyumlah, mungkin itu bisa membuatmu bahagia” (“Smile, maybe it will make
you happy”) expresses a positive sentiment. Figure 2b shows a picture of a sad crying
person, which is recognized as having a negative sentiment [12]. The text contained in
this meme, “Apa yang lebih cepat dari kecepatan cahaya? Ditinggal nikah ama mantan”
(“What is faster than the speed of light? Being left by your ex-partner to get married”), also
expresses a negative sentiment. Meanwhile, Figure 2c shows a picture of a person with no
expression, which is categorized as having a neutral sentiment.

@ b) ©

Figure 2. Meme images labeled as (a) Positive, (b) Negative, and (c) Neutral.


Kompasiana.com
detik.com
Liputan6.com
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In general, facial expressions can be categorized into three types of polarity, namely
positive (happy and surprised), negative (angry, disgusted, fearful, and sad), and neu-
tral [12]. A happy expression can be characterized by wrinkled eyes, lip corners that are
pulled upwards, and a smile. A surprised expression can be identified by raised eyebrows,
a slightly opened mouth, and wide eyes. An angry expression can be shown by sharp eyes,
furrowed eyebrows, flared nostrils, and narrowed lips. The expression of disgust can be
identified through eyes that are contracted in the upper area and slightly raised lips. An
expression of fear is characterized by simultaneously raised eyebrows, raised upper eyelids,
tense lower eyelids, and horizontally stretched lips towards the ears. When a person is
sad, the top of their eyes will drop downwards, their eyes will become unfocused, and the
corners of their lips will drop slightly [40]. Labeling was carried out by two annotators
who are experts in facial expressions. If the two annotators provide different labels for a
meme image, then the meme image is not used.

Data resulting from key point representation in the form of coordinates, vectors, or
graphs are subjected to statistical tests, using multivariate analysis, to determine whether
the feature values for positive, negative, and neutral data are significantly different.

3.2. Key Points Extraction from Images

Facial key points are the vital areas on a face, from which the facial expression and
emotion of a person can be evaluated. Hangaragi et al. [27] developed a face detection
and recognition model using key points. These key points represent the eyes, mouth and
outermost facial lines. Facial expressions that reflect emotions can be characterized from
various parts of the face, including the eyes, eyebrows, and mouth [41]. In this study, key
points representing eyebrows, eyes, and lip lines are the analyzed facial features. Key
points are outlined using Python and the media-pipe library. By using the media-pipe
library, a face is represented by 468 points. There are 18 key points for the eyebrow line,
32 key points for the eyes, and 47 key points for the lips. It should be acknowledged that
each image is analyzed using 97 key points.

3.3. Key Points Representation

The key points derived from meme images are represented in five forms, namely (x, y)
coordinates, vectors centered on one point, directed graph, weighted graph, and weighted
directed graph. The five representations are written in numbers that describe positions,
vectors, or angles.

In the first representation, namely (x, y) coordinates, the position of each point is
expressed in terms of numbers indicating the x and y coordinate positions. One eye in a
meme image is represented by 16 key points, which yields 32 coordinates. In the coordinate
representation of meme images, we obtain a set of (x, y) coordinates that describe positive,
negative, or neutral sentiment. Table 1 shows examples of 3 key points represented in
coordinates that indicate a specific sentiment. The data in Table 1 will be classified using
DNN. Sentiment 0, 1, and 2 indicate negative, neutral, and positive sentiment, respectively.

Table 1. Example of 3 key points from eye features indicating different sentiment.

Sentiment X1 Y1 X2 Y2 X3 Y3
0 0.01778 —-0.08004 0.085647 —0.04938 0.002692 0.056571
1 0.013182 —-0.05573 0.060349 -0.03628 0.001801 0.043326
2 0.007283 -0.03822 0.039068 -0.0204 0.001128 0.021034

If there are n meme images, of which each image is represented by 97 key points, then
194n coordinates are obtained. The representation of key points in coordinates is classified
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by a machine learning model into three categories, namely positive, negative, or neutral.
The illustration of this methodological process is shown in Figure 3.

Key Foints Representation
in Coordinates

Key Points extraction
from images

¥ 0.5977980494499°1
y: 0.615578293300354

x 0.536542547702789
y: 0.621189832687378

Figure 3. Key points representation in coordinates.

In the second representation, namely vectors centered on one point, all facial key
points are labeled and vectorized towards a central point [26]. For example, vector V
representing the eye position comprises a set of vectors from all points towards the center:

- = = —
V={012,013/014,“',01,15} )
Subsequently, vector V is normalized as follows:

s —
012,713,014, * , 01,15

V=
\/(012)2 +(013)* + (v14)* - + (0115)°

@

The normalized vector is then modeled and classified using a machine learning model.
Figure 4 shows the classification process using key points in the form of vectors. For
example, if there are n key points of an eye feature and one of the key points (key point 1)
is used as a reference point, then (n — 1) vectors are obtained. For i = 2,. .., n the vectors
v1; = (x1;,¥1;) are calculated as follows:

X1 =X—X

Vi=Yi—Wn
Key Points Representation
o Pt e in Vectors
E TN N Eye Key Points Vectorized Key Points
from images . 4 56 ¥y 0.00501745939254761
". . . & ¥qz 0.00458663702011108
> ie _”‘ > >
. " ”l'} ¥qa. -0.0601584911346435
(*e o ® | ¥q3. -0.00264796614646912
15 14

Figure 4. Eye key points representation in vectors.

The resulting vector set is normalized using Equation (2). The normalized data is used
for sentiment classification using DNN.

Key points are also represented as a directed graph. A directed graph is a graph in
which the vertices are connected by directed edges. Key points are represented by the
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vertices of the graph, and the edges of the graph connect adjacent vertices. The vertices
representing key points are labeled with a number. Two vertices that are consecutively
labeled are connected by an edge, and the direction of the edge is from the smaller number
to the larger number. As an example, Figure 5 shows key points represented as a directed
graph. The vertices are labeled from 1 to 15. The edge connecting the key points labeled con-
secutively as i and j is termed ?ij, which is a vector with coordinates ((xj — xi), (vj — ¥i))-
In a meme, an eye feature is represented by several key points. Every two adjacent key
points are connected by a directed line, thus forming a directed graph. The directed graph
data is represented by coordinates (x;j, ;) = ((%j — xi), (¥; — vi) ). The data representation
of key points as a directed graph is further classified using machine learning methods.

Key Points Representation
in Directed Graph

Key Points extraction - -
Yornimages Eye Ke)_' Points Directed Graph X1 0.0177802443504333
) i, e . ¥42: -0.0800357460975647
> ®e 9
= : :. T = 7| x22: 0.0856472849845886
Sl Tz 11 y23:-0.0493810176849365
15 14

Figure 5. Eye key points representation in directed graph.

Furthermore, an example of key points represented as a weighted graph is shown
in Figure 6. The weight indicates the angle between two key points. The angle between
key points labeled consecutively as i and j that are connected by an edge with vector
coordinates ((xj — x;), (¥; — ¥;) ) and is calculated as follows:

B Yi— Vi
6;j = arctan 5 3)
Key Points Representation
Image Dataset Eye Key Points Weighted Graph in Weighted Graph
5 6 _
". L '..s a12.-0.143000020434661
> e .. 9 > » g22.0.191063629014006
, ® = 0”l° az4. 0.296000516596548

Figure 6. Eye key points representation in weighted graph.

Figure 7 shows the representation of key points as a weighted directed graph. This
representation is a combination of the directed graph and weighted graph representation
of key points previously detailed.
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Key Points Representation

Image Dataset

Input Convolitional
Layer

in Weighted Directed Graph
_ _ _ x12: 0.0177802443504333
Eye Key Points Welghled Directed Graph ¥12: -0.0800357460975647
612: -0.143000020434661
e Sade
. L ‘.. 5 ¥232: 0.0856472849845886
= S0 2 y22: -0.0493810176849365
! e 1l g22:0.191063629014006
190 ¢ ®
15 14 13

Figure 7. Eye key points representation in weighted directed graph.

3.4. Classification Model

The model used for classification is the Deep Neural Network (DNN) model with three
layers. The architecture of the proposed model can be seen in Figure 8. The meme image as
input data is processed by the MediaPipe library (as seen in Figure 8) to obtain keypoints.
The use of MediaPipe is necessary because only essential features of the facial region are
needed for classification. The keypoints are converted into features based on the representa-
tion used. These features are classified by DNN into positive/negative/neutral sentiments.

Convalutional Poolng Convolutional Max Pooling
Layar

Softmax
F £ 3
$ 8k

Figure 8. The proposed model.

This model is applied to classify each representation of key points, namely (x, y)
coordinates, vectors centered on one point, directed graph, weighted graph, and weighted
directed graph. Model creation for each key point representation is carried out until a small
error is obtained. The training model is created through several trials. To obtain the best
model, parameter tuning is carried out on the DNN model. The result of parameter tuning
on one key point representation is used to create the models of the other representations.
The best model is used to carry out sentiment analysis, and the performance is measured
using several metrics. This is done for all key point representations.

The highest obtained classification result with the use of key points represented as a
directed graph along with DNN will be compared with the classification results of other
models, namely Logistic Regression (LR), Random Forest (RF), Decision Tree (DT), and
Support Vector Machine (SVM). The goal is to determine whether the use of other models
combined with the directed graph representation can obtain better results compared to the
DNN model. Moreover, to further evaluate the proposed graph representation of key points
in determining the sentiment of the meme images, experiments were also carried out to
determine the sentiment of the meme images using several deep learning models without
the use of the graph representation of the key points. The deep learning models that were
used in this study are CNN, MobileNet, VGG 16, ResNet50, Xception, and InceptionV3.
The evaluation results were also compared with the results of previous research.
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3.5. Evaluation

An evaluation was carried out to determine the optimal proposed model for sentiment
analysis of the meme images. The dataset was divided into training (90%) and testing
(10%) data. Performance evaluation was conducted for all the key point representations.
Several evaluation metrics were used, namely accuracy, precision, recall, and F1-score. In
the evaluation, it was shown that the resulting accuracy on the meme dataset was not as
good as that on the human face dataset.

4. Experiments

This section provides an in-depth analysis of the performance of the proposed model.
The efficacy of the proposed model in carrying out sentiment analysis of meme images is
detailed and measured using several evaluation metrics. This is followed by a comparative
analysis, in which the performance of the proposed model is compared to that of baseline
models and models described in previous research.

4.1. Dataset

In total, 2200 meme images were collected. Two annotators were tasked to label
the meme images. To assess the reliability of the labeling process, the multiclass Kappa
coefficient test was used. The Kappa test yielded a coefficient of 0.36, indicating fair
agreement [42]. To increase the agreement between the two annotators, images that were
labeled differently by the annotators were excluded, resulting in 676 meme images. After
the initial data processing stage using Python 3, 32 unrecognized images were discarded,
resulting in 644 meme images for further analysis. The class distribution of the collected
meme images dataset is 35.1% positive, 47.7% negative, and 17.2% neutral.

To determine whether there were differences in the values in each negative, neutral,
or positive group, a comparison test of the averages of the three groups was carried out.
Table 2 shows the results of statistical testing for the weighted graph data. With a value
of & = 5% and HO, the average value of each group is the same. Furthermore, a Sig
value < 5% was obtained, meaning that HO was rejected, indicating that the average value
of each sentiment group was different. The same result was also obtained in the statistical
testing for the directed graph data. Table 3 shows that for « = 5%, F-value = 5.821 and
F-table = 2.372. F-value > F-table indicates that there were differences in the average value
of each sentiment group.

Table 2. Statistics result of representation in weighted graph.

Scheme Type II Sum of Square df Mean Square F
Corrected model 9495.607 269 35.300 194.047
Intercept 0.004 1 0.004 0.023
Coordinate 7492.617 89 84.187 462.787
Group 8.761 2 4.381 24.081
Coordinate*group 221.784 178 1.246 6.849
Error 10,494.536 57,690 0.182
Total 19,990.144 57,960
Corrected Total 19,990.144 57,959
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Table 3. Multivariate analysis of variance of representation in directed graph.

Effect Value F Hypothesis df Error df
Intercept 0.962 1132.487 2.000 57,687.000
Coordinate 0.088 1539.452 178.000 115,374.000

Group 1.000 5.821 4.000 115,374.000
Coordinate*group 0.973 4.394 356.000 115,374.000

4.2. Performance Evaluation

We evaluated the proposed model on meme images that were collected from several
social media platforms, including Twitter, Facebook, and Instagram. The performance
of the proposed model for sentiment analysis was evaluated using four metrics that are
commonly used in image classification, namely precision, recall, F1 score, and accuracy.
Table 1 shows the performance of the proposed model with the DNN architecture. These
metrics rely on analyzing four categorical outcomes of the classification process, namely
True Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN). In the
context of sentiment analysis, TP represents the samples that were correctly classified. FP
represents the samples that were incorrectly identified as positive sentiment, TN represents
the samples that were correctly identified as negative sentiment, and FN represents the
samples that were incorrectly identified as negative sentiment. The evaluation metrics are

Iculated as follows:
calculated as follows TP

Precision = 7(TP - FD) (4)
Recall = ("I"Pj—ﬂi—PFI\I) 6)

Fison - 2 sonon 0
Accuracy = (p J%Zigjl FN) @

Based on Table 4, the use of key points represented as a directed graph resulted in
the best accuracy compared to the other representations. Table 5 shows that the DNN
model correctly classified 97.37% of the meme images with negative sentiment, 27.27% of
the meme images with neutral sentiment, and 82.35% of the meme images with positive
sentiment. From all the test data, only 4.55% of the meme images with neutral sentiment
were correctly predicted. Most of the meme images with neutral sentiment were predicted
to have a negative sentiment (71.21%). The dataset is dominated by the negative class.
Class imbalance can significantly impact classification results when using machine learning
because the classification model is more inclined toward the majority class. This causes
the model to consider training samples from the majority class as more important. On the
other hand, data from minority classes may even be regarded as noisy data [43].

Table 4. Performance of the proposed model.

Key Points Representations Accuracy Recall Precision F1-Score
Coordinates (x, y) 0.66 0.66 0.76 0.75
Vectors 0.75 0.75 0.76 0.75
Directed graph 0.83 0.83 0.86 0.81
Weighted graph 0.78 0.72 0.78 0.73
Weighted directed graphs 0.83 0.83 0.86 0.81
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Table 5. Confusion matrix for directed graph.
Predictions
Negative Neutral Positive
Negative 37 0 1
Actuals Neutral 7 3 1
Positive 3 0 14

The sentiment accuracy results obtained are still smaller compared to the sentiment
accuracy with the human face dataset (FER2013). Therefore, statistical testing is carried
out to see the differences in sentiment groups on each feature for the directed graph
representation. By using the Manova test (Wilks’ Lambda), a significant P-value was
obtained for the meme and human face datasets. Further analysis used individual tests
for 181 features; it was obtained that in the human face dataset, 88.4% of the features
were different between sentiment groups, while in the meme dataset, only 53% of the
features were different. Due to the large difference in features between sentiment groups,
the evaluation results of the human face dataset were better than the meme dataset.

The confusion matrix in Table 5 shows that most of the samples with neutral sentiment
were predicted to have a negative sentiment. Neither the negative nor the positive samples
were predicted as neutral. This is due to the relatively small number of neutral samples
compared to the other classes.

Figure 9 shows the accuracy and loss curves for 100 epochs. It can be seen in Figure 9
that at the 80th epoch, the accuracy curve became stable. Meanwhile, for the loss curve,
stability was observed at the 60th epoch for the training data. However, for the testing data,
the loss curve fluctuated until the 100th epoch. However, the fluctuation was not too large.

(b)

Figure 9. Example of key point error from media pipe (a) meme image, (b) key points.

4.3. Comparison with Other Models

Based on the results in Table 6, the DNN model obtained the best performance with
the use of directed graph and weighted directed graph key point representation. To further
evaluate the performance of DNN, a comparative analysis was carried out by observing
the results of other models using the directed graph key point representation. The models
that were compared with DT, LR, RF, and SVM. The performance results of all methods can
be seen in Table 6.

Table 6. Performance comparison of several models with directed graph representation.

Model Accuracy Precision Recall F1-Score
DT 0.73 0.73 0.72 0.73
LR 0.73 0.73 0.73 0.73
RF 0.78 0.78 0.78 0.78

SVM 0.70 0.73 0.70 0.68

DNN 0.83 0.83 0.86 0.81
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Based on Table 6, the DNN model obtained the best performance in terms of accu-
racy, precision, recall and Fl-score compared to the other models. SVM produced the
lowest performance.

4.4. Comparison with Previous Research

In this section, the performance of the DNN model with the directed graph key point
representation was compared with the results in [24,25]. The datasets used in both studies
were meme datasets. The results shown are the experimental results presented in [24,25].
In addition, the meme image dataset in this study was evaluated using MobileNet, VGG
16, ResNet50, Xception, and InceptionV3 models without the implementation of key points.
The performance evaluation results of these models are presented in Table 7. It can be
seen in Table 6 that the best result in previous research was obtained by Kumar et al. [24],
with the use of Bag of Visual Words and SVM. The method proposed by Kumar et al. [24]
obtained an accuracy, precision, and recall of 0.75, 0.75, and 0.79, respectively.

Table 7. Performance comparison of several models.

Model Accuracy Recall Precision F1 Score

Elahi [28]-DenseNet161 0.73 0.73 0.69 0.70

Kumar et al. [20]-ConvNet-SVMBoVW 0.75 0.79 0.76 -
MobileNet-image 0.69 0.70 0.69 0.68
VGG 16-image 0.55 0.51 0.51 0.50
ResNet50-image 0.47 0.31 0.42 0.36
Xception-image 0.63 0.63 0.62 0.62
InceptionV3-image 0.52 0.49 0.50 0.49
DNN-image-key points—directed graphs 0.83 0.83 0.86 0.81

The DNN model using the directed graph key point representation outperformed all
the previous models and baseline deep learning models. In particular, the proposed model
outperformed the method by Kumar et al. [24] by a margin of 4% in terms of accuracy.
This increase in accuracy was caused by several main factors due to the use of key points
that were different from those in previous models. The use of key points enabled the
model to focus better on the eyes, eyebrows, and mouth, according to the features selected
for analysis.

5. Discussion

The performance results presented in the previous section indicated that the DNN
model with the directed graph key point representation achieved superior performance
compared to the basic model and other deep learning models. In this section, the impact of
several factors on the ability of the model to determine the sentiment of the meme images
is investigated and presented.

There is a significant difference in the accuracy of the DNN model with the directed
graph key point representation when carrying out sentiment analysis of meme images
compared to non-meme images. The sentiment accuracy of meme images achieved by the
proposed model was not as high as that of publicly available human face images. There are
several differences between the meme image dataset and the human facial image dataset.
The publicly available human facial image dataset (FER2013, JAFFE, CK+) is a facial
expression dataset that was built to specifically show happy, sad, angry, neutral, or other
facial expressions, and therefore, they can be clearly differentiated. This is different from the
meme image dataset. In the meme images, facial expression labeling is done by annotators
who are facial expression experts. Some meme images have different facial expression
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interpretations, of which different experts labeled the same meme image differently. To
reduce bias that occurred due to differences in labeling, only meme images that were
labeled the same by the annotators were included in the dataset.

When compared to previous similar studies using meme datasets, the results of this
study show an increase in accuracy. Kumar’s study used a hybrid CNN-SVM and achieved
an accuracy of 75.4%. Direct image classification using CNN without any special treatment.
This differs from the proposed method, which uses keypoints and representations in a
directed graph in the classification model. Therefore, the image dataset is taken from the
keypoints and represented in a directed graph. This directed graph feature is then classified
into positive, negative, or neutral sentiment. This method produces an 8% increase in
accuracy compared to Kumar’s.

The use of the media pipe library in determining key points from images really helps
the classification process. The key points produced by the MediaPipe library are more
precise than those produced by the OpenPose library. In MediaPipe, face points are divided
into 468 keypoints, while in OpenPose, face points are divided into 70 keypoints. Even
though MediaPipe provides a larger number of keypoints, in some images where the
mouth shape is extreme, MediaPipe fails to correctly detect the mouth. Figure 9 shows a
mouth expression in which the key point transformation does not match the expression
in the original image. Inaccuracy in describing expressions can cause errors in sentiment
classification by the system. In Figure 9, the annotator labeled the image as having a
negative sentiment, while the system labeled the image as having a neutral sentiment.

Key points are represented in five forms: (X, y) coordinates, vectors centered on
one point, directed graph, weighted graph, and weighted directed graph. Based on the
experiment results, the (x, y) coordinates representation of key points resulted in the
lowest accuracy. This is due to the position of the key point. Meanwhile, the vectors
centered on a single point representation produced higher accuracy compared to the (x, y)
coordinate representation. The vectors centered on one point representation are equipped
with relative coordinates of each key point to the point that has been determined as the
centroid of the key point of each eye, eyebrow and mouth shape. A vector-based key point
dataset, expressed in relative coordinates, reveals the distinctive characteristics of each
object for a specific sentiment. This results in a better accuracy compared to the (x, y)
coordinates’ representation.

Better accuracy is obtained with the use of key points in the form of graphs. In the
directed graph representation, every pair of adjacent key points is expressed in vectors.
Therefore, data is obtained in the form of relative coordinates for two consecutive key
points. In the weighted graph representation, the weight is expressed as the angle between
2 key points. Based on the experimental results, the directed graph representation produced
better accuracy compared to the weighted graph representation. Although the weighted
directed graph representation produced almost the same accuracy as the directed graph
representation, the learning process took longer.

The performance of the DNN model with a directed graph representation is compared
to other models incorporating the proposed directed graph representation. The purpose of
this comparison is to determine whether the directed graph representation can elevate the
accuracy of the other models.

At the start of testing, parameter values were chosen based on the test results in [22],
namely 3 hidden layers with each size being i = 13, j = 13, k = 14, activation = relu, and
solver = adam. To obtain optimal results, parameter tuning was carried out. The parameter
settings are as follows:

e  Size of each hidden layer: 10 to 100;
e Activation: tanh, relu and logistics;
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e Solver: SGD, adam and L-BFGS;
e Learning rate: constant, adaptive.

Based on the results of parameter tuning trials, the accuracy value increased by
1.1-3.0%. The best accuracy value was obtained with the use of the following parameters:
Hidden layer: i = 64, j = 64, k = 90;

Activation: tanh;
Solver: SGD;
Learning rate: adaptive.

6. Conclusions

In this study, a model for sentiment analysis of meme images is proposed. The
proposed method utilized DNN architecture for classifying the meme images. Furthermore,
in the proposed method, facial features, such as eyes, eyebrows, and mouths, are extracted
using key points. The key points of each facial feature are then represented in various forms,
namely (X, y) coordinates, vectors centered on a single point, a directed graph, a weighted
graph, and a weighted directed graph. The weight of the graph is the angle between two
adjacent key points, and the direction shows the relative coordinates of the two adjacent
key points. The representation of key points is used to identify certain characteristics
of each sentiment polarity from the meme images. Statistical testing was conducted to
determine whether the sentiment group data differed significantly. Based on the results
of the statistical testing, it was found that the average value for each sentiment group
was differed. Sentiment analysis was then carried out using the dataset and the proposed
method. Evaluation was carried out by comparing the classification results of the proposed
method with those of other models. The experimental results indicate that the use of the
directed graph representation yielded the best performance, with an obtained accuracy,
recall, precision, and F1 score of 0.83, 0.83, 0.86, and 0.81, respectively. The best results were
obtained by tuning several parameters, namely the hidden layer, activation function, solver,
and learning rate.

Future works can be conducted to improve the performance of the proposed method in
sentiment analysis of image memes by modifying the architecture, for instance, improving
the process of representing key points from images. Besides that, use of keypoints for
image classification isn’t limited to human images. They can also be used for non-human
images (e.g., animals), non-face images (e.g., hands), or other images. To maximize data
usage, in further research several approaches to improve dataset efficiency include adding
one annotator so that image labels are handled by three annotators and performing data
augmentation (vertical flip).
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