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Abstract Social media platforms generate a large amount of content users create, which requires
methods for suggesting relevant content. In current empirical research introduces an approach to
improving social content recommendations using the Deep Self Organizing Map (DSOM) algorithm and
hierarchical clustering. The study uses a database that includes user posts, comments, likes, shared
content, and user profiles. The DSOM algorithm analyzes and organizes the data, while hierarchical
clustering enhances performance. By utilizing the insights gathered from this social content database, we
can significantly improve the accuracy and relevance of recommendations. This improvement will
ultimately increase user engagement and satisfaction on social media platforms. The findings of this
research have implications for recommendation systems on social media platforms and strategies related
to promoting content and analyzing user behavior.

1. Introduction

In the digital age, social media platforms have become essential for information exchange and social interaction.
However, the sheer volume of content on these platforms challenges users to discover relevant and interesting content.
Current content recommendations on social media often fall short of accurately delivering engaging and valuable
content to users based on their preferences [1].

This research addresss this problem by leveraging the Deep Self-Organizing Map (DSOM) algorithm for social
data aggregation and analysis in content recommendations. The DSOM algorithm is a self-organizing learning
technique that clusters and represents data in a two-dimensional structure. Additionally, we will explore hierarchical
clustering techniques to enhance the performance of the DSOM algorithm in social content recommendations [2].
Improving social content recommendations is significant as it enhances user experience and interaction on social
platforms. By analyzing social data and applying deep learning techniques, recommendation accuracy can be
improved, and user preferences can be better catered to. This research contributes to the development of new tools and
techniques that enhance user experience, increase engagement, and promote interaction on social media platforms [3].
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2 Related work

In this section, we provide an overview of previous research studies and related works in the field of social content
recommendations [4]. The literature review aims to identify the existing approaches, techniques, and challenges
associated with content recommendation systems on social media platforms [5].

In [7], The Self Organizing Maps (SOM) analyze sentiment in social messages. SOM is an artificial neural
network that clusters and visualizes complex data. By applying the SOM algorithm, social posts were grouped, and
sentiment keywords were identified. This approach provided insights into sentiment distribution across topics and
revealed patterns and outliers. The study demonstrated the effectiveness of using SOM for sentiment analysis,
contributing to a better understanding of public sentiment in social media data.

Previous studies have proven the importance of applying machine learning techniques and social content analysis
to improve social recommendations. For instance, the first study [8] presented the principles of machine learning and
matrix hashing methods for recommender systems. The Socio-Spatial Self Organizing Maps (SS-SOM) pipeline is a
method introduced in this work to identify regions using Twitter posts based on their social attitudes, as demonstrated
in the second study [9]. It utilizes neural embedding for text classification and augments traditional self-organizing
maps (SOMs) to generate non-overlapping, topologically constrained, and topically similar clusters. Using Twitter
data, researchers can gain insights into regional variations in public sentiment and social issues by applying the SS-
SOM pipeline.

In [11], the paper provides a comprehensive overview of the Self Organizing Maps (SOM) algorithm, covering its
theoretical aspects and various applications. SOM is an unsupervised learning algorithm used to cluster and visualize
complex datasets. It considers the neighborhood structure among clusters, allowing for capturing global and local
structures in the data. The paper highlights the versatility of SOM in applications such as data clustering, visualization,
pattern recognition, and image processing. Understanding the SOM algorithm enables researchers and practitioners to
leverage its power for various tasks.

In [12], A crucial frame extraction approach combines four visual features: RGB color channel correlation, color
histogram, mutual information, and moments of inertia (MOI). The Kohonen Self Organizing Map (SOM) is used as a
clustering technique to choose the most representative frames from a list of frames after fusion. Useless frames are
removed, and the frames with the greatest Euclidean distance within a cluster are chosen as the final key frames. The
suggested approach is compared to other video summarizing techniques.

In [13], the study uses the self-organizing map (SOM) algorithm to analyze and understand the popularity patterns
of music artists based on their attributes. By applying the SOM algorithm, the researchers aim to uncover the factors
contributing to online social popularity. The study focuses on mapping the characteristics of music artists onto the
SOM grid to identify clusters and patterns associated with different levels of popularity. This analysis provides
insights into the dynamics of online social success within the music community.

The source [14] presents the Socio-Spatial Self Organizing Maps (SS-SOM) pipeline, which uses Twitter data to
find regions based on latent social attitudes. The pipeline combines neural embedding for text classification with
augmented Self Organizing Maps to generate non-overlapping, topologically constrained, and topically similar
clusters. The goal is to assess relevant geographies for exposure to social processes by analyzing social media content.
The SS-SOM pipeline provides insights into regional social dynamics and attitudes, contributing to a better
understanding of how social processes vary across different geographic areas.

3. Proposed method

In this section, we delve into the details of the hierarchical clustering technique andthe Deep Self Organizing Map
(DSOM) algorithm. These techniques are instrumentalin aggregating social data and improving the accuracy of social
content recommendations.

3.1. Hierarchical Clustering Technique

Hierarchical clustering is a widely used technique in data mining and machine learning for grouping similar data
points into clusters. It creates a hierarchical structure of clusters, where clusters at different levels of the hierarchy can
be nested within larger clusters. The hierarchical clustering technique offers advantages such as interpretability and the
ability to handle non-spherical and non-linear data distributions [15].

One of the commonly used hierarchical clustering algorithms is agglomerative clustering. It starts with each data
point as an individual cluster and merges the most similar clusters iteratively until a stopping criterion is met. The
similarity between clusters can be measured using various distance metrics, such as Euclidean distance or cosine
similarity.
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3.2. Self-organizing Maps

According to The Self-organized Map is one of the most famous. Brain models. It fits within the category of
competitive learning networks. The SOM is based on unsupervised learning, hence no human help is required during
training. tiny details must understood and defined using input data. For example, we might use the SOM to group the
input data membership. The SOM, or Self Origination Feature Map, may discover problem-specific characteristics.
The flowchart illustrates how the algorithm works [16].
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Fig 1. Flowchart of proposed method

The purpose of SOM is to provide a data visualization approach that aids in understanding high-dimensional data
by lowering the dimensions of Convert the data to a map. SOM demonstrates the clustering idea by aggregating
comparable data. As a result, the Self Organizing Map minimizes data dimensions and presents them uniformly among
the data; following figure shows that.
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Fig 2. Self-Organizing Map

This dataset contains several properties. The first is an item, and our goal is to group comparable objects together.
The second and third properties represent the item's informatics value.

I X1 X2
A 1 1
B 1 0
c 0 2
D 2 4
E 3 3
Fig 3.illustrates cluster similar items
In the first step, choose a row at random. Let's say I choose rows 1 and 3.
X1 X2 Centroid Value
Cl 1 1 (1, 1)
2 0 2 (0,2

Fig 4. shown the Centroid Value

Now, using the Euclidean Distance calculation, compare the aforementioned centroid values to the value in the
corresponding row of our data.

Let's start with row 1 and extract the values for each column. Our team will next want to figure Determine which
of the output nodes is closest to the row.

Calculate the Euclidean distance between the weight vector of each node and the current input vector to get the
best matching unit (BMU). BMU refers to the node with the weight vector that is closest to the input vector.

The Euclidean Distance is defined as follows:

Distance = z (X - w)? (1)
i=0

X represents the node's The current input vector, while W represents its weight vector.
Let us utilize distance. formula to determine the Best Match Unit.
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3.2.1. Calculating the Neighborhood's Size Around the BMU

Our time will attempt to locate the node nearest to each row in our dataset.

Things are starting to get interesting here! Once the BMU has been discovered in each iteration, the next step is to
identify whether additional nodes are in the BMU's vicinity. In the next stage, the weight vectors of all of these nodes
will be adjusted. So, how can we achieve that? It isn't that difficult... First, determine the radius of the neighborhood,
and then use Pythagoras to see whether each node is within the radial distance.

Figure 5 depicts the size of an average neighborhood at the start of training.

Fig 5. The size of an average neighborhood in the beginning of training.

The neighborhood viewed above is centered on the BMU (the red spot) and includes the bulk from the other nodes,
using the circle representing the radius.

The community near the BMU. shrinks drastically. It becomes smaller with each repetition until it reaches only the
BMU.

@) o(t) =0, E?‘IP(—%)

o, = the width of lattice at time zero

t = the current time step

A = the time constant

Let t=0,1,2,3...
Figure 6 displays the neighborhood's reduction over time after each cycle.
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Fig 6. Neighborhood size decreases With every iteration.

The neighborhood will eventually reduce to a single node, the BMU.
Now that we know the radius, we can loop over all of the nodes in the lattice to see whether they are inside it. If a
node is discovered to be in the neighborhood, its weight vector is modified as follows in Step. Adjusting the Weights.

3.2.2. Weight Adjustments

The following equation is used to update the weight vector of each node in the BMU's neighborhood, including the
BMU itself:

The new Weight = Old Weights + Learning Rate (input vector — old weights).

W(t+1) is equivalent to W(t) + L(t) (V(t) - W(t)) 3).

When t is the time increment and L is a minor. quantity known as the learning rate, which decreases with time.
This equation states that the node's newly adjusted weight is equal to the old weight (W) plus a percentage of the
difference (L) between the old weight and the input vector.

In this approach, we update the weights.

The following equation is used to compute the decline of the learning rate with each iteration:

@ L =1L, exp(—%)

As training continues, the neighborhood steadily decreases. By the conclusion After the treatment, the
neighborhoods had reduced to zero size.

dist’

O(t) =exp Tz(t)‘ (5)

O(tr) = Influence rate

o (1) =width of the lattice at time t

The impact rate reveals how much A node's distance from the BMU influences its learning. In its most simple
version, the influence rate is one for all nodes near BMU, and zero for the rest, however a Gaussian function is
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occasionally utilized. At last, SOM may generate a map of stable zones using a random weight distribution and many
iterations. Finally, data interpretation must be done by a person, however SOM is an excellent tool for presenting
previously unseen patterns in data.

3.3. Deep Self-Organizing Map (DSOM) Algorithm

The DSOM algorithm is a self-organizing learning technique that combines the advantages of deep learning and
the self-organizing map (SOM) algorithm. The SOM algorithm is a type of unsupervised learning algorithm that maps
high-dimensional input data onto a lower-dimensional grid. The DSOM algorithm extends the SOM algorithm by
incorporating deep neural networks, enabling it to capture more complexpatterns and representations from social data.

Reducing Data Dimensions. Unlike other learning technique in neural networks, training a SOM requires no target
vector. A SOM learns to classify the training data without any external supervision.

Sizex

input vector

Fig 7.SOM architecture

The DSOM algorithm can be summarized by the following equations:

Initialization: At the beginning of the process, all neuron vectors have their synaptic weights randomly generated.
Such vectors must have the exact dimension of the entry pattern space. This research used a 2D, 10 x 10 rectangular
map shape. Each cell in the map stores a 1x9-dimension data point, with initial random weights assigned. We have set
the maximum value for the step number at 5,000 iterations.

Sampling: A single sample x is selected from the entering pattern space and sent to the neuron grid.

Competition: The winning neuron, i(x), is determined using the lowest Euclidean distance criteria:

(6) ?’(3:) — CE?"gm’LﬂHﬂ} - wj”:-j — 1725 al

Where 1 is the number of neurons in the grid.
Synaptic adaptation: After determining the winning neuron (Best-Matching Unit or BMU)), all synaptic weights of

each neuron vector are changed.:
Wy (t + 1) = W;(t) + n(0)6;(Dla(t) - W;(0)]

t denotes the current instant, n(t) is the learning rate that steadily declines with time t, and 0j (t) is the
neighborhood function that defines the grade of learning of a neuron j based on its relative distance to the winning
neuron.

Repeat steps 2—4 until the topological map remains stable or the desired number of epochs is reached.
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3.4. Advantages and Limitations of the DSOM Algorithm

The DSOM algorithm offers several advantages in social content recommendations. It can handle high-
dimensional data, capture complex patterns, and adapt to changes in user preferences. However, it also has some
limitations. It requires sufficient training data to learn meaningful representations, and there is a potential for
overfitting if the model needs to be adequately regularized.

Finally, we have provided a detailed explanation of the hierarchical clustering technique and the DSOM algorithm.
The hierarchical clustering technique allows for grouping similar data points into clusters. At the same time, the
DSOM algorithm combines deep learning and self-organizing map techniques for improved representation and
clustering of social data. The mathematical equations presented in this section provide a formal understanding of the
underlying algorithms, laying the groundwork for implementing and evaluating the proposed social content
recommendation system.

4. Results and discussions

In this section, we present the research experiment conducted to evaluate the proposed social content
recommendation system. We provide details about the experimental setup, including the dataset, evaluation metrics,
and methodology. Furthermore, Lets present. present the results obtained from the experiment and perform a
comprehensive analysis and discussion.

Use the MATLAB language in this chapter to implement the proposed social recommendation system and analyze
the results. MATLAB provides the power and flexibility that allows algorithms to be implemented and data analyzed
effectively.

1. System Implementation:

In this context, we implemented the proposed social recommendation system using MATLAB. Also implemented
the algorithms for recommending social content.



BIO Web of Conferences 97, 00088 (2024) https://doi.org/10.1051/bioconf/20249700088
ISCKU 2024

2. Data Processing and Analysis:

MATLAB was used to process and analyze the dataset employed in testing. MATLAB offers
robust built-in functions and toolboxes for effective data processing and analysis.

3. Calculation and Evaluation of Metrics:

Utilized MATLAB to compute the metrics and criteria used to evaluate the performance of the recommendation
system. Employed libraries like "scikit-learn" within MATLAB to calculate precision, recall, and other metrics.

4. Using MATLAB:

MATLAB was used throughout the entire process, including system implementation, data processing, metric
calculation, and result visualization. MATLAB provided the necessary power and flexibility to carry out these steps
efficiently.

Our team has prepared these steps to achieve the research objectives and evaluate the proposed system accurately.

4.1. The parameters’ initialization

To evaluate the quality of the proposed algorithm, we adjusted the parameters according to the parameters of the
base paper [6]. In such a way that 80% of the data were considered for training and 20% for testing. Table 1 shows the
settings for the parameters of the proposed method.

Table 1- Initial values for parameters in the proposed method

Parameters Values
Training dataset %80
Testing dataset %20
Number of search agents 5
Maximum number of iterations 100
Omega 0.8

4.2. Evaluation criteria

The research experiment yielded promising results, demonstrating the effectiveness of the proposed social content
recommendation system. The performance measures, including precision, recall, and accuracy, were evaluated to
assess the system's performance.

Precision: measures the accuracy of positive classifications among all positive classifications made by the model.
The precision of the recommendation system was estimated at 0.82, indicating a high level of accuracy in suggesting
content that resonated with the users' interests.

Recall: The recall score was 0.80, demonstrating the system's ability to retrieve relevant content that mattered to
the users. See Figure 7.

Accuracy: is a metric that measures the overall accuracy of a model in correctly classifying cases, including both
positive and negative classifications. It is a parameter of performance that assesses the system's ability to make
appropriate predictions. The accuracy of the recommendation system was calculated to be 85.26, indicating a high
level of overall correctness and efficiency in content recommendations. See Figure 8.

These results validate the effectiveness of the proposed approach, showcasing its ability to recommend relevant
and diverse social content to users accurately. The research report includes visualizations and graphs that demonstrate
performance trends and comparative analyses of the different algorithms used in the experiment.

= < Correct predlcuons) % 100. (8)

Total predictions

Sensitivity: this is the parameter of performance which measures system ability for
making the appropriate positive predictions.

- True positives
Sensitivity = x 100.

True positives + false negatives
Specificity: this is the parameter of performance which measures system capability
for making suitable negative predictions.

9)
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True negatives

L . Specificity = : — x 100. (10)
Precision: Precision True negatives + false positives measures  system
ability for creating just the related results.

- True positives
Precision = — P — x 100. (11)
True positives + false positives

Table 2- The confusion matrix Predicted class

Yes no Tota
Yes TP FN 1
Real No FP N PN
class Total P’ N’ P+
N

10
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Comparison of Accuracy Among Different Algorithms
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Fig 8. Comparison of Accuracy Among Different Algorithms

Comparison of Recall Among Different Algorithms
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4.3. The results’ evaluation

Our team implemented the tests by using the issue of dataset prediction in social networking situations. We utilized
20 percent of the data for testing. Because of reality, design requires much more data for the present problem because
of huge facilities in output. The technique here illustrates that the proposed method can present results that can be
compared with the other articles. Table 3 shows a comparison of the results by applying three various kinds.

In contrast with the present techniques as well as the results of the test, we recognized that the optimized model
outperforms other schemes in the classification and prediction of social networking situations. We take advantage of
selection features. Therefore, it obtained a higher accuracy, achieving an 85.26 percent score.

Table 3- The comparison results of the proposed method with the basic paper

Method Accuracy Test
Naive Bayesian Algorithm [10 ] 78.33
Random recommendation algorithm 75.00
Proposed method 85.26

Table 4- The results of evaluation criteria for the proposed method

Method Accuracy | sensitivity | specificity | precision | gmean | F-score
NaiveBayes 78.33 36.76 89.86 83 80.51 80
Random recommendation 75.00 69.09 85.37 82.86 81.17 80.93
algorithm
Proposed method 85.26 80 86.18 83.81 82.03 81.86

4.4 Future Directions

Based on the findings of the research experiment and the analysis conducted, we outline potential future directions
for further improvement and advancement of the social content recommendation system. This may include
suggestions for incorporating additional features or data sources, exploring different algorithms or techniques, or
addressing specific challenges or limitations identified during the experiment. The future directions section provides
a roadmap for future research inthe field of social content recommendations.

5. Conclusion

Our team has presented the research experiment conducted to evaluate the proposed social content
recommendation system. We discussed the experimental setup, including the dataset, evaluation metrics, and
methodology. The results obtained from the experiment were presented, followed by a comprehensive analysis and
discussion of these results. Finally, we outlined future directions for enhancing the social content recommendation
system based on the findings of the experiment.

12
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