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Abstract

In social media contexts, recommendation systems are significant for enhancing the de-
livery of personalized content. More traditional recommendation systems aim primarily
for recommendation accuracy, but do little on the topic related to the explainability and
transparency of recommendation decisions. This paper presents an explainable user-based
collaborative recommendation framework by leveraging K-Means clustering, similarity-
based collaborative filtering, neighbor voting, and generative Large Language Model (LLM)
explanations. The framework firstly utilizes K-Means clustering to cluster users with rela-
tively similar behavioral traits. Pearson Similarity and Cosine Similarity are then utilized to
select the Top-N similar users for each cluster. To generate personal recommendations for
the content themes and content types, we employed similarity-based neighbor voting. Fi-
nally, Gemini 2.5 Flash is included as an explainability layer to create brief human-readable
explanations of recommendation outputs. The findings presented a high behavioral sim-
ilarity among adjacent users, which displayed Mean Pearson Similarity = 0.8044, Mean
Cosine Similarity = 0.8113, and Mean Combined Similarity = 0.8078. It was found that a
content-type recommendation performed better than a preferred-theme recommendation in
social media platforms with large amounts of content. In general, this framework enhances
interpretability, transparency, and the user understanding of recommendation while still
providing efficient collaborative recommendation performance. It identified behaviorally
similar users, and generated human-readable explanation suggestions through Gemini
2.5 Flash.

Keywords: collaborative filtering; explainable recommendation systems; generative Al;
K-Means clustering; recommender systems

1. Introduction

Social media platforms produce large volumes of user activity data, including de-
mographic attributes, lifestyle behavior, engagement patterns, interaction behavior, and
content interaction activities. Recommendation systems help convert this data into person-
alized content suggestions to enhance user experience and user engagement [1]. Traditional
recommendation systems primarily utilize collaborative filtering and content-based fil-
tering techniques to offer customized suggestions to users [2]. Nevertheless, current
recommendation systems are still challenged by sparsity, scalability, behavioral diversity,
and limited explainability [3,4]. The paper presents an explainable user-based collaborative
recommendation framework for social media content recommendation. It integrates K-
Means clustering, similarity-based collaborative filtering, neighbor voting, and generative

Informatics 2026, 13, 150

https://doi.org/10.3390/informatics13090150


https://crossmark.crossref.org/dialog?doi=10.3390/informatics13090150&domain=pdf&date_stamp=2026-09-15
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/informatics
https://www.mdpi.com
https://orcid.org/0000-0001-5576-8832
https://doi.org/10.3390/informatics13090150

Informatics 2026, 13, 150

20f 18

Large Language Model (LLM) explanations. The approach first applies K-Means cluster-
ing to group users with comparable behavioral characteristics and reduce the similarity
search space. Behavioral similarity is then computed within each cluster using Pearson
Similarity and Cosine Similarity [5]. The framework combines both similarity measures
into a Combined Similarity score to enhance recommendation robustness, which is used in
Top-N neighbor selection and collaborative recommendation generation.

Personalized recommendations for content themes and content types are subsequently
generated using similarity-based neighbor voting among the most similar users. In addition,
Top-K recommendation metrics, including Hit Rate@10, Precision@10, and Recall@10, are
utilized to evaluate recommendation retrieval quality and recommendation effectiveness [6].

Finally, Gemini 2.5 Flash is integrated as an explainability layer to generate concise
human-readable explanations for recommendation outputs. Recent studies highlighted
that Large Language Models (LLMs) can improve recommendation transparency and
user understanding by generating natural-language explanations for recommendation
outputs [7,8].

Overall, the proposed framework aims to improve recommendation interpretabil-
ity, transparency, and collaborative recommendation effectiveness in large-scale social
media environments.

2. Problem Definition and Research Motivation

Many recommendation systems generate personalized recommendations without
providing understandable explanations for why specific content themes or content types
are recommended. This lack of explainability reduces recommendation transparency and
makes it difficult for users to understand or trust recommendation decisions [4,9]. In
social media environments, user behavior is highly multi-dimensional because it involves
demographic attributes, lifestyle behavior, engagement patterns, and content interaction ac-
tivities such as likes, comments, stories, and session behavior. Traditional recommendation
approaches may struggle to effectively capture hidden behavioral similarities and complex
interaction relationships between users [1].

In addition, users with similar engagement and interaction behavior may share sim-
ilar content interests even when their profiles are not identical. Therefore, identifying
behavioral similarity between users becomes an important challenge in personalized rec-
ommendation systems. Previous studies demonstrated that clustering techniques and
similarity-based collaborative filtering can help identify users with related behavioral
patterns more effectively [5,10].

The motivation behind this research arises from the growing need for recommendation
systems that not only generate personalized recommendations, but also provide concise
human-readable explanations for recommendation decisions. Improving recommendation
interpretability and transparency may enhance user trust, recommendation acceptance,
and overall user understanding in social media recommendation environments [9,11].

To address these challenges, this research proposes an explainable user-based collabo-
rative recommendation framework that combines K-Means clustering, similarity compu-
tation, neighbor voting, and generative LLM explanations. First, demographic, lifestyle,
and engagement-related features are preprocessed and normalized. K-Means clustering
is then applied to group users with similar behavioral characteristics [12]. Within each
cluster, Pearson Similarity and Cosine Similarity are computed to identify the Top-N most
similar users based on behavioral engagement patterns [5]. To improve recommendation
robustness, both similarity measures are integrated into a Combined Similarity score used
during neighbor selection and recommendation generation.
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Based on the preferences of neighboring users, the framework generates personalized
recommendations for content themes and content types using similarity-based neighbor
voting. Finally, Gemini 2.5 Flash is integrated as an explainability layer to generate concise
natural-language explanations describing why recommendations were generated. Gemini
2.5 Flash was selected as the explainability layer due to its fast response time, efficient
Python API integration, and low computational cost. It can quickly transform recommen-
dation outputs into concise, human-readable natural-language explanations, improving
recommendation transparency and user understanding. Recent explainable recommenda-
tion studies highlighted that LLM-generated explanations can improve recommendation
transparency, interpretability, and user understanding [8,13].

The main objective of this research is to develop and evaluate an explainable per-
sonalized recommendation framework for social media content recommendation using
clustering, similarity computation, and generative Al explanations. Specifically, this re-
search aims to:

e Analyze demographic, lifestyle, and engagement-related features for behavioral user
clustering and personalized recommendation generation.

e  Design and implement a similarity-based collaborative recommendation framework
using K-Means clustering, Pearson Similarity, Cosine Similarity, Combined Similarity,
and Top-N neighbor voting.

e  Evaluate recommendation retrieval performance using Top-K recommendation metrics
including Hit Rate@10, Precision@10, and Recall@10.

e Integrate Gemini 2.5 Flash to generate concise human-readable explanations for rec-
ommendation outputs.

3. Literature Review

This section reviews previous studies related to recommendation systems, clustering
techniques, similarity-based collaborative filtering, explainable recommendation systems,
and generative LLM-based recommendation explanations. The review also identifies the
main research gaps addressed in this study.

3.1. Traditional Recommendation Systems Overview

Traditional recommendation systems mainly rely on Collaborative Filtering (CF),
Content-Based Filtering (CBF), and Hybrid Recommendation Systems to provide personal-
ized recommendations to users [1]. Collaborative Filtering (CF) recommends items based
on similarities between users or items using interaction history: ratings, likes, and clicks [2].
It is successful in discovering latent user preferences, but presents sparsity and cold-start
problems when interaction data is sparse [3]. Content-Based Filtering (CBF) recommends
items similar to those previously preferred by the user by analyzing item features like
categories, keywords, and descriptions [2]. It offers personal recommendations that are
more transparent, but at the same time could produce over-specialized results with less
diversity [4]. Hybrid recommendation systems which also include content-based and
collaborative recommendation methods are developed to enhance the accuracy of recom-
mendations and to decrease the cold-start problem [2]. Such systems are currently widely
utilized in e-commerce, streaming platforms, and applications in social media [1]. Although
traditional recommendation systems exist, they suffer from sparsity, scalability, cold-start
issues, and limited explainability. The majority of systems make recommendations without
clearly explaining why specific items are suggested, which weakens the transparency and
trust of users [4].
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3.2. Clustering-Based Recommendation Systems

The clustering techniques have been employed in several studies to group users who
share common behavior before recommending. When they provide recommendation sys-
tems based on clustering technology, this facilitates increasing scalability and simplifying
the similarity computation at a large scale [14]. Among clustering algorithms, K-Means
is a well-known and commonly used algorithm for recommendation systems since it
is the simplest and most computationally efficient clustering algorithm [12]. K-Means
clusters users based on similarities in preferences, behaviors, and patterns of interaction
such that recommendation systems can give personalized recommendations in each clus-
ter [10]. Clustering techniques have been used in e-commerce, education, and tourism
recommendations, for instance, grouping users into clusters by purchasing behavior, learn-
ing behavior, tourism interest, etc., for enhancing the relevance and user engagement
of recommendation-based algorithms [15,16]. As for user segmentation and behavioral
clustering for filtering systems, clustering is a commonly used technique in collaborative
filtering systems [10]. By doing so, recommendation efficiency can be increased while the
computational complexity of searching all users from the dataset can be reduced as well [14].
Nevertheless, despite the success of clustering methods, much research remains limited
due to cold-start problems, data sparsity, and clustering quality [10,12]. Moreover, based on
the proposed K-Means algorithms, the classification process is limited and the classification
efficiency is also disturbed for many algorithms, since it depends on the initial centroid,
and it should be observed that the similarity or distance metric might be exclusive and this
may lead to reduced clustering quality and recommendation performance [12]. Therefore,
many clustering-based recommendation techniques are concentrated on recommendation
accuracy and performance measures, while little concern is paid to the interpretability
of recommendations.

3.3. Similarity-Based Collaborative Recommendation

Similarity-based collaborative recommendation methods recognize users or objects
who prefer similar things, often using similarity metrics like Pearson Correlation and
Cosine Similarity [5]. These techniques enable users to identify similar people with similar
preferences within the collaborative filtering systems and therefore recommend them cer-
tain items [17]. In user-user collaborative filtering, the recommendation system computes
similarity among users by their ratings and preferences [18]. The users with the greatest
similarity scores are considered neighbors and their ratings are used to predict items for the
target user [5]. Pearson Correlation is a widely used similarity measure among different
similarity measures since it assesses the relationship among user rating patterns while
considering rating differences between users [18]. Cosine Similarity quantifies how similar
the users’ or items’ attributes are by vector similarity and is widely used in recommendation
tasks [17]. Similarity-based recommendation systems also often employ neighbor-based
recommendation protocols, in which the preferences of the closest neighbors are combined
to make recommendation predictions [5]. This neighborhood selection criterion is crucial
because recommendation quality relies on accurate recognition of users with similar inter-
ests and preferences [18]. The similarity measurement and cluster and k-nearest neighbor
(KNN) methods were used in several studies for enhancement in the recommendation
accuracy and similarity computation in a collaborative filtering system [19]. Since they can
capture relationships between users and items better, these approaches are widely applied
in movie recommendation settings and online environments [17]. Nonetheless, there is a
risk of reduced recommendation robustness when a similarity measurement is preferred as
different similarity measures correspond to different aspects of user preferences and rating
behaviors [5]. Moreover, similarity-based collaborative filtering methods also suffer from
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sparsity, cold-start, and limited rating data which might hamper recommendation quality
in large-scale scenarios [18].

3.4. Neighbor Voting and Top-N Recommendation

Neighbor voting is a widely used mechanism in user-based collaborative filtering,
where recommendations are generated based on the preferences of similar users. The
recommendation process typically involves similarity computation, neighborhood selection,
and rating prediction. After identifying the most similar users using methods such as
the Top-K nearest neighbors, their ratings are aggregated to estimate the target user’s
preferences for unseen items [5].

Once neighborhood relationships are established, candidate items are ranked accord-
ing to their predicted relevance, and the system generates a Top-N recommendation list
containing the most relevant items. Neighborhood-based collaborative filtering models
utilize learned user-user or item—item similarities to rank items and produce personalized
recommendations [20]. The quality of Top-N recommendations is commonly evaluated
using metrics such as Precision, Recall, and Hit Rate [6].

3.5. Explainable Recommendation Systems

Explainable Recommendation Systems (ERS) seek to generate transparency and user
trust in the recommendation decisions by providing understandable explanations for
recommendation outputs. Traditional recommender systems are typically black boxes,
whereby users receive recommendations without understanding the reasons behind them.
Explainable Artificial Intelligence (XAI) approaches aid this challenge by making recom-
mendation decisions more understandable and interpretable to users and developers [21].
Explainability in recommender systems deals with explaining how input data and user
preferences affect recommendation outputs [11]. Explainable Al techniques clarify how fea-
tures contribute to recommendation decisions, resulting in improved transparency for users
and improved understanding of overall recommendations. Two popular XAl techniques
used in recommendation systems are Local Interpretable Model-Agnostic Explanations
(LIMEs) and Shapley Additive Explanations (SHAPs). These methods reveal the rationale
behind recommendations and determine the most influential features on recommenda-
tion outcomes. LIMEs and SHAPs improve transparency and explain recommendation
outcomes and feature importance [11]. Natural-language explanations have also been
used in explainable recommendation systems to provide human-readable recommendation
justifications. Ref. [9] stated that explanations in conversational recommender systems may
include recommendation reasons, item descriptions, and personal opinions to improve
explanation quality and user understanding. The study also highlighted that natural-
language explanations can improve transparency, persuasiveness, trustworthiness, and
user satisfaction in recommendation systems.

User trust is considered one of the main objectives of explainable recommendation
systems. Providing understandable explanations can increase users’ confidence in recom-
mendation systems and improve recommendation acceptance. Previous studies showed
that transparency and explainability positively influence user trust, satisfaction, and trans-
parency in recommendation systems [9].

However, many existing explainability approaches mainly focus on feature-level
importance and technical interpretation methods. In addition, several explainable recom-
mendation systems still provide limited human-readable natural-language explanations
for recommendation decisions.
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3.6. Explainable Generative LLMSs in Recommendation Systems

Recent studies have explored the use of Large Language Models (LLMs) in recom-
mendation systems to improve personalization, recommendation quality, and explanation
generation. Advances in LLMs such as ChatGPT and Gemini introduced new capabilities
including reasoning, natural-language understanding, in-context learning, and human-like
text generation for recommendation applications [22]. LLMs have been increasingly applied
in recommender systems because they can generate natural-language explanations that
improve transparency and user understanding. Ref. [7] explained that LLMs can generate
personalized and high-quality explanations for recommendation outputs using natural-
language generation techniques. Their study also showed that LLM-generated explanations
were positively perceived by users because they support recommendation understanding
and decision-making. Recent research also highlighted that LLMs can extend existing
recommender systems by generating post hoc explanations after recommendation items
have already been selected [7]. This approach improves recommendation interpretability
without replacing the original recommendation model. In addition, LLMs can transform
recommendation outputs into human-readable explanations that improve transparency
and user experience [8]. Several studies discussed the use of generative Al and LLMs
for explanation generation in recommendation environments. Ref. [8] highlighted that
LLM-generated explanations can improve transparency, trust, and user understanding by
providing accessible natural-language recommendation justifications. Similarly, Ref. [23]
demonstrated that factual contextual information, such as knowledge graphs, can improve
the precision and comprehensibility of LLM-generated explanations while reducing hallu-
cination risks. Recent explainable recommendation frameworks also demonstrated the use
of LLMs as reasoning and explanation layers that transform structured recommendation
evidence into transparent natural-language justifications [13], and proposed an explainable
LLM-based recommendation framework that combines multimodal contextual information
with structured prompting to generate human-readable recommendation reasoning and
improve transparency and user trust.

However, existing LLM-based recommendation studies still face several limitations.
Many approaches mainly focus on general recommendation capabilities and recommendation
generation tasks rather than explainable recommendation generation [22]. In addition, LLM-
generated explanations may suffer from hallucination, imprecise information, and high
computational cost when explanations are generated without sufficient factual grounding [23].

In this paper, the Gemini 2.5 Flash layer is integrated as an explainability component
to improve the interpretability of recommendation outputs. This layer does not replace the
recommendation model. However, it takes in factual outputs from clustering, similarity cal-
culation, and neighbor voting, and translates them into human-readable natural-language
explanations for the ultimate recommendation results. This design is consistent with recent
explainable LLM-powered recommendation frameworks, which use a structured prompt-
ing structure and transparent recommendation reasoning to increase interpretability and
user trust [13].

3.7. Research Gap

Based on the reviewed literature, several research gaps can be identified. Conventional
recommendation systems are predominantly based on accuracy of the recommendation
with limitations in explainability and transparency [4]. Moreover, many clustering-based
and similarity-based recommendation techniques focus mainly on single proximity mea-
sures and ignore the interpretability of recommendations [5,10]. However, previous re-
search explored the use of LLMs for recommendation explanation generation; existing
methods still offer limited human-readable explanations focusing on recommendation gen-
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eration tasks only, leading to less explainable recommendation reasoning where clustering
and collaborative filtering methods were integrated to generate a recommendation [22].
Therefore, this research proposes an explainable recommendation framework that com-
bines K-Means clustering, similarity-based collaborative filtering, neighbor voting, and
Gemini 2.5 Flash natural-language explanation generation to improve recommendation
personalization, interpretability, transparency, and user understanding.

4. Methodology
4.1. Overall Framework Overview

This section presents the overall methodology of the proposed explainable recommen-
dation framework for social media content recommendation. The methodology is based on
a pipeline that generates recommendations from user-behavior data, searching for similar
users, which is followed by recommendation generation and human text-based explana-
tions for the recommendations. It builds upon these mechanisms by using user-based
collaborative filtering, K-Means clustering, similarity calculation, Top-N neighbor selection,
and generative Al explanation methods. The process starts by collecting demographics,
lifestyle, and engagement features pertaining to social media users and preprocessing such
features. Upon preprocessing, the users are further clustered into clusters according to
behavioral similarity through K-Means clustering. The paper used Pearson Correlation
and Cosine Similarity in each cluster to determine which users are most similar to one
another. It produces users’ personalized recommendations on content themes and con-
tent types from similarity-based neighbor voting. Finally, a generative explanation layer
based on Gemini 2.5 Flash converts recommendation results into concise natural-language
explanations to add interpretability and transparency for the recommendations. Figure 1
shows the overall methodology of the explainable recommendation framework for social
media content recommendation. User clustering, similarity computation, collaborative
recommendation generation, and generative Al explanations are integrated in the frame-
work. These methods together are intended to produce personalized recommendations
with human-readable interpretations.

4.2. Data Collection

The dataset used in this research was downloaded from the Social Media User Activity
Dataset available on Kaggle and loaded as a CSV file within the Google Colab environ-
ment [24]. The dataset holds large-scale social media user activity data and behavioral
profile variables recorded from Instagram-related usage patterns, for instance, demographic
data, lifestyle features, users’ engagement statistics, the engagement behavior of users with
the content, session activity, likes, comments, stories, followers and other behavioral met-
rics regarding the social media usage. This dataset contains a total of 1,547,896 rows and
58 columns that allow for large and diverse data of user behavioral information, that can
be used to perform clustering, similarity computation, and collaborative recommendation
generation, as well as for the explainable recommendation analysis.

4.3. Data Preprocessing and Feature Selection

Several preprocessing operations are applied to prepare the dataset for clustering,
similarity computation, and recommendation generation.
The preprocessing pipeline includes:
e  Missing Value Handling: Numerical missing values are filled using the median, while
categorical missing values are filled using the mode.
e  Categorical Encoding: Categorical features are encoded using LabelEncoder to support
clustering and similarity computation.
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e  Feature Selection: Demographic, lifestyle, and engagement-related features are se-

lected for recommendation modeling.

e  Feature Scaling: StandardScaler is applied to normalize numerical features before

clustering and similarity analysis.

e  Target Encoding: The target variables (preferred_theme and content_type) are encoded

into numerical labels for recommendation evaluation.

e  Dynamic Target Detection: The framework dynamically detects target columns using

candidate matching and keyword-based identification to improve dataset flexibility.

e o Data Collection
-o « Social media user activity dataset
~. « Demographic, lifestyle, and engagement features
O J

v

e Data Preprocessing
* Missing value handling

e

« Encoding

« Feature scaling

« Feature selection
7705\ e K-Means Clustering
o . o « Behavioral user groupin
g i

« Elbow Method for optimal K

v

o Similarity Computation
« Pearson Similarity
« Cosine Similarity

+ Combined Similarity

¥

~
[ e Top-N Neighbor Selection

[ ¥}
(@2l

« Select most similar users within cluster

‘ |
- et ,,liiffi I

o Similarity-Based Recommendation

« Neighbor voting
« Theme recommendation
« Content-type recommendation

v
( / o Top-K Evaluation

I « Hit Rate@10
all

« Precision@10
* Recall@10

¢+ o Generative LLM Explanation Layer

« Gemini 2.5 Flash

* « Human-readable explanations
~— e —

Figure 1. Overall methodology of the explainable recommendation framework. The authors used
ChatGPT-5.5 (OpenAl) for diagram preparation.

In feature selection, 35 features were selected and grouped into three categories:
demographic features (e.g., age, gender, country, education level, and income level), lifestyle
features (e.g., exercise habits, sleep duration, stress level, happiness score, and social
activities), and Instagram engagement-related features (e.g., daily active minutes, sessions
per day, likes, comments, stories viewed, reels activity, followers, following behavior, and
user engagement score). These features were selected because they capture users’ personal
characteristics, lifestyle preferences, and social media engagement patterns, which are
important factors influencing content preferences and recommendation outcomes. To
ensure consistency and improve model performance, categorical features were encoded
using Label Encoding, while numerical features were standardized using StandardScaler
before clustering and recommendation generation.
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Only columns available in the dataset are selected for processing. StandardScaler is
then applied to normalize numerical features using zero mean and unit variance normal-
ization. This helps clustering and similarity-based methods treat features more consistently
during distance and similarity computation.

4.4. K-Means Clustering

K-Means clustering is applied to group users with similar behavioral characteristics
into clusters before recommendation generation. The clustering process minimizes the
similarity search space by narrowing the number of neighbors to users who currently
follow similar engagement and activity trends [25].

To determine the optimal number of clusters, the framework applies the Elbow Method
by calculating K-Means inertia, also referred to as the within-cluster sum of squares (SSE),
for multiple clustering configurations. For evaluating the consistency of clustering per-
formance, the Elbow Method enables the comparison of the decrease in SSE based on the
count of clusters and the calculation of the optimum count of clusters [25]. The elbow point
is detected by KneeLocator and the preferred number of clusters is defined by the inertia
curve. The Elbow Method analysis carried out to identify the optimal amount of clusters is
shown in Figure 2. The solid blue line represents the inertia values for different values of K,
and the blue dashed vertical line indicates the optimal number of clusters K = 5 identified
by KneeLocator.

x107 Elbow Method with KneelLocator: Best K = 5

4.3 —-=- BestK=5

4.2

4.1

4.0

Inertia

2 3 4 5 6 7 8 9 10
Number of Clusters (K)

Figure 2. Elbow Method for optimal K-Means cluster selection.

Once the optimal K value is determined, the last K-Means model is trained on the
entire training set. Each user is assigned a cluster label, and cluster sizes are analyzed
to analyze how users are grouped among behavioral segments. Figure 3 illustrates the
final training cluster distribution for the selected K-Means model with K = 5 clusters. The
visualization shows how users are distributed across the behavioral clusters after the final
clustering process.

140,000

125,410 122,018
120,000
96,917

100,000
80,000
60,000

40,000 28,507 27,148
0

Cluster 0 Cluster 1 Cluster 2 Cluster3 Cluster 4

Figure 3. Training cluster distribution for the final K-Means model (K = 5).
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4.5. Similarity-Based Recommendation

After clustering, similarity computation is performed within each cluster to identify
users with similar behavioral patterns. The framework applies two similarity functions,
namely Pearson Similarity and Cosine Similarity, to measure behavioral similarity between
users based on their interaction patterns and rating behavior.

Pearson Similarity measures the linear relationship between users after mean-centering
their rating vectors, helping to capture similarities in behavioral trends and interaction
patterns [5].

ety - Tl =)y )

) \/Z}H_l (xuf - xu>2\/2}n_1 (xvf - yv)z

As shown in Pearson Similarity (1), where m represents the total number of behavioral

1)

features, x,r and x, s denote the normalized values of feature f for users u and v, respec-

tively, while ¥, and X, represent the mean values of their behavioral feature vectors [5].
Cosine Similarity measures the similarity between user vectors based on vector orienta-

tion and evaluates how closely users behave relative to each other regardless of magnitude

differences [5].
Yiclo uiToi

\/Zielurlzu‘ \/Zielvr%i

In Equation (2), I, represents the set of commonly rated items between users u and v,

()

Cosine(u, v

while r,,; and r,; denote the ratings assigned by users 1 and v to item i [5].

With these measures of similarity, the framework provides a unified similarity score to
improve recommendation robustness. The final similarity value is computed by averaging
Pearson Similarity and Cosine Similarity, resulting in a Combined Similarity score suitable
for Top-N neighbor selection.

Pearson + Cosine
2

€)

Combined Similarity =

As shown in (3), the Combined Similarity score is the average of both Pearson Sim-
ilarity and Cosine Similarity. This Combined measure allows us to balance behavioral
relationship patterns and vector-based similarity of users. By integrating both similarity
functions, the framework reduces the limitations of relying on a single similarity metric
and improves the robustness of neighbor selection during recommendation generation.
The Combined Similarity score is then used to identify the Top-N most similar users within
each cluster for collaborative recommendation voting.

4.6. Top-K Recommendation Evaluation

The proposed framework analyzed the quality of recommendation retrieval using
Top-K recommendation metrics such as Hit Rate@10, Precision@10, and Recall@10 [6].
These metrics are commonly used in recommender systems evaluation to analyze the
effectiveness of recommendation ranking and retrieval performance.

Hit Rate@10 measures whether at least one relevant recommendation appears within
the Top-10 recommended results [6].

HitRate@k(u) = I[| rel(u) Nreck(u) |> 0] (4)

In Equation (4), where rel(1) represents the set of relevant items for user u, recy(u)
denotes the Top-K recommendation list generated for the user, and I[-] is an indicator
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function that returns 1 if at least one relevant item exists within the recommendation list
and 0 otherwise [6].
Precision@10 evaluates the proportion of relevant recommendations among the Top-10
retrieved recommendation results [6].
| rel(u) Nrecy(u) |

Precision@k(u) = i )

As shown in (5), rel(u) represents the set of relevant items for user u, while recy (1)
denotes the Top-K recommendation list generated for the user [6].
Recall@10 measures the proportion of relevant items successfully retrieved within the
Top-K recommendation results [6].
| rel(u) Nrecy(u) |

Recall@k(u) = Trel(a) | (6)

In Equation (6), rel (1) represents the set of relevant items associated with user u, while
recy(u) denotes the generated Top-K recommendation list [6].

4.7. Recommendation Generation

For a selected query user, the framework identifies users within the same K-Means
cluster and computes similarity scores using Pearson Similarity, Cosine Similarity, and the
Combined Similarity measure.

Users are then ranked based on the Combined Similarity score, and the Top-N most
similar users are selected for collaborative recommendation generation. If the cluster contains
fewer than the required number of neighbors, the framework implements a fallback mech-
anism that searches across all remaining users to maintain recommendation stability. The
final recommended content theme and content type are determined using majority voting
among the Top-N similar users. This recommendation system suggests personalized recom-
mendations for the query user based on the behavioral preferences of similar users. Table 1
presents an example of the Top-N similar users identified for a selected query user using
Pearson Similarity, Cosine Similarity, and the Combined Similarity measure.

Table 1. Example of Top-N similar users and recommendation generation.

Rank Cluster Pearson Similarity Cosine Similarity Combined Similarity Preferred Theme Content Type
1 3 0.9228 0.9438 0.9333 Food Videos
2 3 0.9190 0.9382 0.9286 Food Videos
3 3 0.9186 0.9377 0.9281 Music Photos
4 3 0.9226 0.9327 0.9277 Travel Live
5 3 0.9148 0.9382 0.9265 Fitness Videos

4.8. Generative LLM Explanation Layer

The Gemini 2.5 Flash layer is implemented in order to improve the interpretability
of the recommendation outputs. This layer does not replace the recommendation model;
instead, it receives factual outputs generated by the model, including the recommended
theme, recommended content type, neighbor vote distribution, shared traits, and cluster
signature. The explanation is split into two layers. In the first stage, a deterministic
factual extractor extracts recommendation facts via clustering, similarity computation, and
neighbor voting. In addition, a second stage, Gemini 2.5 Flash, transforms these facts into
two simple sentences in plain English explaining why the recommendation was produced.
A disk-based cache is used to avoid repeated API calls for the same cluster, theme, and
content-type combination, improving efficiency during large-scale explanation generation.
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The prompt provided to Gemini 2.5 Flash contains factual recommendation outputs
generated by the recommendation framework, including:

e Recommended content theme;
Recommended content type;
Neighbor vote distribution;
Shared behavioral traits;

Cluster signature.

The model is then instructed to generate exactly two short natural-language sentences
explaining why the recommendation was produced for the user. An example prompt
structure is shown in Figure 4.

Recommended content theme: Food
Recommended content type: Videos

Among similar users, the theme votes are: {'Food': 3,
'Travel': 1}

You share these traits with your most similar users:
engagement_score, video_interaction

Your cluster signature is: high video engagement, active
interaction behavior

Now write exactly two short sentences explaining to the
user why this theme and content type are recommended.

Figure 4. Example prompt structure for Gemini 2.5 Flash.

5. Experimental Setup
Environment Setup

The proposed recommendation framework was implemented within the Google Colab
environment using several Python libraries for data preprocessing, clustering, similarity
analysis, visualization, and explainable recommendation generation. Pandas and NumPy
were used for loading, processing, and manipulating large-scale social media user activ-
ity data. Matplotlib (version 3.10.0) was used to generate visualizations and similarity
analysis figures throughout the experimental process. Scikit-learn utilities were applied
for preprocessing, feature normalization, categorical encoding, and K-Means clustering.
The framework used K-Means clustering to cluster users according to their behavioral en-
gagement patterns. Behaviorally similar users were identified within each cluster through
Pearson Similarity and Cosine Similarity. Subsequently, neighbor voting was applied
to produce personalized content recommendations. For recommendation testing, Top-K
recommendation metrics such as Hit Rate@K, Precision@K, and Recall@K were used by
the framework to measure recommendation retrieval quality and similarity effectiveness.
Furthermore, the explainability layer combined Gemini 2.5 Flash with the Google-GenAlI
package, creating concise natural-language explanations for the recommendation results.
Environment configuration, API variable management, and caching mechanisms were also
included for reproducibility and efficient explanation generation.

6. Results

This section presents the results of the proposed explainable recommendation frame-
work. The evaluation focuses on similarity analysis, recommendation performance, and
LLM-generated explanations. The results are organized into three parts: Similarity Results,
Top-K Recommendation Results, and LLM Explanation Results to assess the effectiveness
of the framework in generating personalized and explainable recommendations.
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6.1. Similarity Results

The framework performed similarity analysis and Top-K recommendation metrics
to appraise the quality of behavioral similarity and recommendation effectiveness of the
proposed recommendation framework based on its collaborative recommendation process.
The evaluation process measured:

e  Mean Pearson Similarity;
e  Mean Cosine Similarity;
e  Mean Combined Similarity.

The evaluation results showed relatively high similarity values across neighboring
users. The Mean Pearson Similarity score was 0.8044, the Mean Cosine Similarity 0.8113,
and the Mean Combined Similarity 0.8078, representing strong behavioral similarity be-
tween neighboring users. These high similarity values indicate that the clustering and
similarity computation stages successfully grouped users with similar engagement and
interaction patterns.

Figure 5 presents the average similarity scores computed using Pearson Similarity, Cosine
Similarity, and the Combined Similarity measure for Top-10 neighbor selection. Results indi-
cate that the similarity measures yielded relatively high similarity scores, confirming the fact
that users clustered together have strong behavioral relationships. The authors find an average
similarity score that is best performing for Cosine Similarity, then Combined Similarity, and
finally Pearson Similarity measures. The similarity analysis shows the same engagement and
interaction patterns among the cluster members, which confirms the effectiveness of clustering
prior to collaborative recommendation generation. Furthermore, the Combined Similarity
method presents a balanced similarity representation based on Pearson and Cosine Similarity.
This enhances the robustness of neighbor selection and fosters more stable personalized
recommendation generation in the approach presented herein. The evaluation result suggests
that the proposed framework successfully found users with related behavioral engagement
patterns by clustering and similarity computations.

0.812 0.811

0.81

0.808

0.808
0.806
0.804
0.804
- .
0.8

Pearson Similarity Cosine Similarity Combined Similarity

Figure 5. Average similarity scores for Top-10 neighbor selection.

6.2. Top-K Results

Top-K recommendation evaluation was performed using K = 10 to measure recom-
mendation retrieval quality within the proposed collaborative recommendation framework.
Results produced Hit Rate@10, Precision@10, and Recall@10 for both preferred-theme and
content-type recommendation tasks. Hit Rate@10 determines whether relevant recommen-
dations appear in the Top-10 recommended results. Precision@10 compares the proportion
of relevant recommendations in the Top-10 identified recommendation candidates. Since
every user has one target preference, Recall@10 is directly equivalent to Hit Rate@10. The
results reveal better recommendation performance for content-type recommendation than
preferred-theme recommendation, where user engagement behaviors are associated more
with content consumption formats than broader thematic interests.
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Figure 6 shows Top-K recommendation evaluation results for preferred-theme recom-
mendation and content-type recommendation tasks, represented in terms of Hit Rate@10,
Precision@10, and Recall@10. The results suggest that Top-K recommendation retrieval is
relatively high, particularly for content-type recommendation. The high Hit Rate@10 and
Recall@10 values indicate that relevant recommendations frequently appeared within the
Top-10 recommendation results, verifying the effectiveness of clustering and similarity-based
neighbor selection. However, Precision@10 is still low for both recommendation tasks. This
result is expected in large-scale multi-class social media environments where users may inter-
act with multiple content categories and behavioral preferences simultaneously. While the
framework successfully retrieved behaviorally related recommendation candidates, not all
retrieved recommendations exactly matched the user’s actual preference. Furthermore, on all
Top-K metrics, content-type recommendation was consistently superior to preferred-theme
recommendation. This is further validated by the fact that user engagement behavior is more
associated with content consumption formats, such as videos, reels, and stories, than with
broader thematic interests. Overall, the Top-K evaluation results show that the presented
similarity-based collaborative recommendation framework was effective in retrieving behav-
iorally relevant recommendation candidates via clustering and similarity-based neighbor
selection. Consistently, this shows high similarity scores among users within the same behav-
ioral cluster, reflecting behavioral consistency between engagement and interaction patterns.
Majority voting among the Top-N similar users selected “Food” as the recommended content
theme and “Videos” as the recommended content type. N = 5 was used for Top-N neighbor
selection in the recommendation demonstration. Additional Top-10 recommendation met-
rics were later evaluated during recommendation performance analysis. Pearson Similarity,
Cosine Similarity, and Combined Similarity scores for the Top-N similar users selected for
recommendation generation are presented in Figure 7.

0.84 0.84
0.74 0.74

0.7
0.6
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0.4
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0.2 0.13 0.17
m 3
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HitRate@10 Precision@10 Recall@10

m Theme Recommendation m Content Type Recommendation

Figure 6. Top-K recommendation evaluation results.
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Figure 7. Similarity score comparison for Top-N similar users.

In Figure 7, the visualization shows that there are consistently high similarity ratings
between all the selected neighbors, meaning that there is high behavioral similarity between
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the query user and its neighboring users of the same cluster. Cosine Similarity produced
slightly higher similarity scores compared to Pearson Similarity, while the Combined
Similarity measure provided balanced similarity values by integrating both metrics during
neighbor selection.

6.3. LLM Explanation Results

The framework internally provides structured behavioral recommendation facts to
Gemini 2.5 Flash, including similarity patterns, neighbor voting, shared traits, and cluster
characteristics. However, the final explanation presented to the user removes technical
details and transforms the recommendation into short, human-readable natural-language
explanations to improve interpretability and user understanding. Table 2 shows a sample
of recommendation explanations generated by Gemini 2.5 Flash.

Table 2. Sample Gemini 2.5 Flash recommendation explanations.

Recommended Theme

Art

Tech

Travel

Content Type Gemini 2.5 Explanation
Reels Similar users also preferred Art reels and showed similar reel
engagement behavior.
. Similar users voted for Tech stories and shared similar
Stories . .
messaging behavior.
Videos Similar users frequently interacted with Travel videos and

showed high engagement activity.

7. Discussion

This section discusses the effectiveness of the proposed explainable recommendation
framework based on similarity analysis, recommendation retrieval performance, and
recommendation interpretability. The discussion focuses on the behavioral consistency
between clustered users, the effectiveness of similarity-based recommendation generation,
and the role of generative LLM explanations in improving recommendation transparency
and user understanding.

7.1. Similarity Analysis

High similarity scores indicate that clustering and similarity computation were effec-
tive in grouping users with similar engagement and interaction patterns. The consistently
strong Pearson Similarity, Cosine Similarity, and Combined Similarity values suggest that
neighboring users within the same cluster shared similar behavioral characteristics. Among
the evaluated similarity measures, Cosine Similarity produced slightly higher similarity
values, indicating strong consistency in user interaction patterns regardless of magnitude
differences. Conversely, the Combined Similarity approach achieved a more balanced
representation of user similarity by incorporating both Pearson Similarity and Cosine
Similarity for neighbor selection. The results also indicate that clustering prior to simi-
larity computation mitigated the behavioral variability between neighboring users and
encouraged more uniformity in the collaborative recommendation generation. Therefore,
the similarity analysis showed that this framework correctly identified users with similar
behavioral engagement patterns.

7.2. Recommendation Performance Analysis

The evaluation results showed that content-type recommendation achieved better
performance than preferred-theme recommendation across all Top-K evaluation metrics.
This suggests that user engagement behavior is more strongly associated with content
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consumption formats, such as videos, reels, stories, and photos, than with broader thematic
interests such as food, travel, or fitness.

The relatively high Hit Rate@10 and Recall@10 values indicate that relevant recommen-
dations frequently appeared within the Top-10 recommendation results. These findings
demonstrate the effectiveness of clustering and similarity-based neighbor selection in
retrieving behaviorally related recommendation candidates.

However, Precision@10 remained relatively low for both recommendation tasks. This
result is expected in large-scale multi-class social media environments where users often
interact with multiple content categories and behavioral preferences simultaneously. As a
result, users with similar engagement behavior may still prefer different content themes
despite consuming similar content formats.

The results also highlight the complexity of recommendation generation in dynamic
social media environments, where behavioral diversity and continuously changing user
interests increase recommendation difficulty. Overall, the evaluation results demonstrate
that the framework was effective in retrieving behaviorally relevant recommendation
candidates through clustering and similarity-based neighbor selection.

7.3. Explainability and Interpretability Analysis

The Gemini 2.5 Flash explanation layer improved the interpretability of the recommen-
dation framework by transforming recommendation outputs into concise human-readable
explanations. The generated explanations helped provide understandable recommendation
reasoning based on clustering, similarity computation, and neighbor voting results.

Unlike traditional black-box recommendation systems, the framework provided trans-
parent recommendation explanations that help users understand why specific content
themes and content types were recommended. This improves recommendation trans-
parency and supports better understanding of recommendation decisions.

In addition, concise natural-language explanations may improve user trust and recom-
mendation acceptance by helping users understand the relationship between their behavioral
patterns and the generated recommendations. The explainability layer therefore contributes
to improving interpretability and usability in social media recommendation environments.

The proposed framework contributes an explainable recommendation pipeline that
integrates clustering, similarity computation, Top-N recommendation generation, evalua-
tion metrics, and generative LLM explanations. The Gemini 2.5 Flash explanation layer
improved recommendation interpretability by generating concise human-readable expla-
nations for recommendation outputs, supporting recommendation transparency and user
understanding in social media recommendation environments.

8. Conclusions

This paper proposed an explainable user-based collaborative recommendation frame-
work using K-Means clustering, similarity-based collaborative filtering, neighbor voting,
and Gemini 2.5 Flash explanations.

The evaluation revealed high levels of behavioral similarity between neighboring
users, Mean Pearson Similarity = 0.8044, Mean Cosine Similarity = 0.8113, and Mean Com-
bined Similarity = 0.8078, indicating a good clustering and similarity calculation ability to
find related user engagement behavior. Similarly, content-type recommendation performed
even better than preferred-theme recommendation, indicating that user engagement be-
havior leans more towards content consumption formats rather than broader thematic
interests. Despite the effectiveness of the proposed framework, several limitations remain.
Recommendation quality is highly dependent on the diversity of data and variability in
user behavior at scale across large-scale social media environments. In addition, K-Means

https://doi.org/10.3390/informatics13090150


https://doi.org/10.3390/informatics13090150

Informatics 2026, 13, 150 17 of 18

clustering primarily captures linear grouping behavior and may not fully represent complex
nonlinear relationships between users. The current framework also does not support real-
time recommendation updates for continuously changing user interaction behavior. Future
work might employ explainable Al models, including SHAPs and LIMEs, for feature-level
interpretation, deep learning and transformer-based recommendation algorithms, which
may contribute to the robustness of recommendation and the personalization of recommen-
dation quality. In addition, BLEU, ROUGE, and semantic similarity measures, as well as
real user feedback loops, could also be integrated into future work to assess the explanation
performance, increasing the adaptability of recommendation and personalization quality
for the enhancement of the recommendation.
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