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ABSTRACT: 

The rapid growth of content in social networks has made it hard for users to find relevant information and has 

raised the need for effective recommender systems. Collaborative filtering is one of the most widely used 

recommendation approaches, yet it faces the challenges of data sparsity and cold start. The aim of this study was 

to design and evaluate a hybrid recommender system that strengthens collaborative filtering with crowdsourced 

data. The study followed an applied and developmental design, and the data were gathered from an active social-

network group in the health-news domain. The implicit data were drawn from the users' behavioral traces, and the 

explicit data were obtained from a researcher-made questionnaire across four dimensions, namely satisfaction, 

relevance, transparency, and trust. The model performance was measured with precision, recall, the F1 score, 

coverage, diversity, and prediction error. The findings showed that crowdsourcing increases data richness and 

density and raises the density of the interaction matrix from 6.3 percent to 28.9 percent. The structured integration 

of explicit and implicit data also lifted the precision of the optimized version to 0.45 at the top ten 

recommendations and its recall to 0.44, while lowering the prediction error. These improvements enhanced 

recommendation quality for low-activity users and eased the cold-start problem. Overall, integrating 

crowdsourcing with collaborative filtering provides a human-centered and effective framework for improving 

recommendation in social networks. 

Keywords: Collaborative Filtering, Crowdsourcing, Explicit Data, Recommender System, Social Network. 

 

INTRODUCTION 

 

Online social networks have become a pervasive part of daily life, and nearly half of the world population holds 

active membership in them [1]. This rapid expansion has produced enormous volumes of user-generated content 

and personal information across digital platforms [2]. At a structural level, a social network is modeled as a graph 

of nodes representing users and edges representing their relations [3]. Within these connected structures, content 

and user preferences propagate quickly among neighboring nodes [4]. This growing flood of information makes 

relevant content selection difficult and gives rise to information overload [5]. Recommender systems have 

emerged as intelligent tools that filter and personalize content within social networks [6]. Large-scale platforms 

rely on these systems to manage billions of daily interactions efficiently [7]. Such systems now determine which 

content users encounter and thereby shape their decision-making processes [8]. Their application has further 

extended to mobile and social services, including mechanisms based on trust evaluation [9]. The effectiveness of 

these systems depends heavily on the algorithmic approach, and collaborative filtering based on user similarity 

remains the most widely used method [10]. Collaborative filtering predicts user interests from similar users, yet 

its accuracy declines under cold-start and data-sparsity conditions [11]. To improve performance, approaches 

based on deep learning and reinforcement learning have been developed [12]. Knowledge-graph-based methods 

enrich recommendations through structured relations among entities [13]. Conversational recommender systems 

elicit user preferences through multi-turn interaction [14]. Session-based recommenders model the short-term and 

dynamic patterns of user behavior [15]. Context-aware mobile recommenders incorporate situational information 

into the recommendation process [16]. Graph-convolution methods attempt to balance the accuracy and diversity 

of recommendations [17]. Deep-learning multi-criteria algorithms capture nonlinear and multidimensional 

relations among user preferences [18]. Nevertheless, deep-learning-based systems remain vulnerable to threats 
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such as data-poisoning attacks [19]. The performance of collaborative filtering relies on the volume and quality 

of interaction data, and richer contextual data improves rating accuracy [20]. Accordingly, graph-based hybrid 

systems have been proposed to mitigate the cold-start problem through demographic and structural information 

[21]. Enriching the model with auxiliary information, such as user experience and emotion, improves graph-based 

recommendation accuracy [22]. Hybrid models based on resource allocation specifically target the cold-start 

problem for newly introduced items [23]. Combining classical and deep-learning methods in rating-prediction 

models has increased predictive accuracy [24]. The use of auxiliary and visual features also partially compensates 

for the data-sparsity problem [25]. Multimodal trust-based approaches simultaneously address cold start, sparsity, 

and malicious data [26]. Beyond accuracy, the transparency and explainability of recommendations have become 

key factors in strengthening user trust [27]. Among emerging solutions, crowdsourcing leverages collective 

intelligence to enable large-scale data generation and evaluation by users [28]. Integrated with social platforms, 

this approach enables dynamic and continuous knowledge collection [29]. In recent years, several studies have 

examined the use of crowdsourcing within recommender systems [30], [31]. Mirbahar et al. (2025) improved 

mobile-application recommendations by combining crowdsourced data with collaborative filtering and machine- 

and deep-learning techniques. Their results showed that deep-learning methods substantially enhance the accuracy 

and relevance of recommendations by capturing complex and context-aware patterns [32]. Yin et al. (2025) 

designed a multi-task deep-learning model for task recommendation in knowledge-intensive crowdsourcing to 

balance the mutual benefits of users and platforms. Their findings indicated that jointly modeling solver preference 

and ability reduces sample-selection bias and improves recommendation accuracy and resource allocation [33]. 

Despite these advances, most prior studies have focused on algorithmic data centrality and have paid limited 

attention to collective intelligence for the structured enrichment of input data and for active user participation in 

refining recommendations. Moreover, a framework that dynamically integrates explicit crowdsourced data with 

implicit behavioral data in a real social-network environment has rarely been presented in a systematic manner. 

The objective of this study is to propose and evaluate a hybrid recommender model in social networks. This model 

strengthens the collaborative-filtering algorithm with crowdsourced data to improve recommendation accuracy 

and reduce the cold-start problem. Three hypotheses are pursued in this study: 

 

1. Crowdsourcing increases the quality and diversity of users' behavioral data in the recommender system. 

2. The structured integration of crowdsourced data with the collaborative-filtering algorithm improves the 

algorithm's accuracy and the effectiveness of recommendations. 

3. The use of crowdsourced data reduces the cold-start problem in the recommender system. 

 

The main novelty of this study lies in a human-centered framework in which the user simultaneously acts as a 

data source and as a validator of recommendations. Explicit data obtained through voluntary participation are 

integrated with implicit behavioral data within a dynamic feedback mechanism. This design transforms the system 

from a static structure into a self-evolving model. The proposed method, the data collection and integration 

process, and the quantitative and qualitative evaluation of the model are described in the following sections. 

 

METHODOLOGY 

 

Research Design 

This study follows an applied and developmental design, and it centers on building a hybrid social recommender 

system. The system couples collaborative filtering with crowdsourced user data. Its input comes from two 

complementary sources, namely implicit behavioral data and explicit data contributed through voluntary 

participation. The proposed model merges these two sources within a single structure to raise the accuracy and 

quality of its recommendations. The primary aim is to improve recommendation performance and to ease the cold-

start problem in a social-network setting. The overall architecture of the model and the sequence of its execution 

phases are shown in Figure 1. 
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Figure 1. Architecture of the proposed hybrid recommender model. 

 

Statistical Population and Sampling 

The statistical population of this study consisted of the active members of a social-network group who were 

exposed daily to health-related news and social content during December 2020. This population comprised 110 

volunteer users who took part in the crowdsourced data collection process. Sampling was carried out through a 

convenience and voluntary procedure. Among the members present in the group, those who were willing to 

participate were selected as the units of analysis. Because all 110 active members joined the crowdsourcing 

process, the entire population was treated as the study sample. Each user expressed an opinion on the published 

content using a score from one to five, based on a set of predefined criteria. 
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Data Collection Method and Instrument 

The study data were gathered through a social crowdsourcing process from the users of an active social-network 

group. The explicit data were collected using a researcher-made questionnaire. Within this questionnaire, users 

rated the published content along four dimensions, namely overall satisfaction, relevance of the content to their 

interests, transparency, and trust in the system. The rating scale ranged from one to five, and it reflected the users' 

genuine perception of recommendation quality. Alongside the explicit data, implicit data were extracted from the 

users' behavioral traces. These data included the number of views, likes, shares, repeated interactions, and 

participation in discussions. Data collection began in December 2020 and continued online in real time. The 

general specifications of the study dataset are presented in Table 1. 

 

Table 1. General specifications of the study dataset 

Attribute Value 

Platform type Social-network group (messaging app) 

Content domain Health news and social events 

Number of users (behavioral data) 300 

Number of content items 200 

Crowdsourcing volunteers 110 

Explicit rating scale 1 to 5 

Crowdsourcing dimensions Satisfaction, relevance, transparency, trust 

Collection period December 2020 

 

Proposed Model (Integration of Collaborative Filtering and Crowdsourcing) 

The model inputs are organized as a user–item matrix. In this matrix, each row represents a user, and each column 

represents a content item. The explicit rating matrix R is defined in Equation 1, where every element denotes the 

score assigned by a user to an item. 

 𝑅 = {𝑟𝑢𝑖|𝑢 = 1.… . 𝑈; 𝑖 = 1.… . 𝐼} (1) 

In this equation, R is the explicit rating matrix, and rui is the score that user u assigns to item i. The symbol U 

denotes the total number of users, and I denotes the total number of items. 

Raw data usually contain noise, missing entries, and inconsistent scales. For this reason, the values are normalized 

through a min–max transformation before modeling, so that they fall within the range of zero to one. This 

normalization is given in Equation 2. 

 𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 (2) 

In this equation, x is the original value, and x′ is its normalized counterpart. The terms xmin and xmax represent the 

minimum and maximum values of the corresponding variable. 

After the matrix is prepared, the similarity between users or items is computed. This study employs two similarity 

measures, namely cosine similarity and Pearson correlation. Cosine similarity measures the angle between two 

vectors, and it is well suited to sparse data. This measure is defined in Equation 3. 

 𝑠𝑖𝑚𝑐𝑜𝑠(𝐴. 𝐵) =
∑ 𝐴𝑘×𝐵𝑘
𝑛
𝑘=1

√∑ 𝐴𝑘
2𝑛

𝑘=1 ×√∑ 𝐵𝑘
2𝑛

𝑘=1

 
(3) 

In this equation, A and B are the two compared vectors, and Ak and Bk are their kth components. The term n 

denotes the number of features, that is, the scores given to items or users. 

Pearson correlation measures the linear association between two vectors, and it reduces the effect of scale 

differences by subtracting the mean. This measure is given in Equation 4. 

 𝑠𝑖𝑚𝑃𝑒𝑎𝑟𝑠𝑜𝑛(𝐴. 𝐵) =
∑ (𝐴𝑘−𝐴̅)(𝐵𝑘−𝐵̅)
𝑛
𝑘=1

√∑ (𝐴𝑘−𝐴̅)
2𝑛

𝑘=1 √∑ (𝐵𝑘−𝐵̅)
2𝑛

𝑘=1

 
(4) 

In this equation, A and B are the two compared vectors, while Ā and B̄ are the mean values of these vectors. The 

terms Ak and Bk again denote their kth components. 

 

Based on the computed similarities, the score of a user for a given item is predicted. In the user-based approach, 

the prediction is obtained from the weighted average of the scores of similar users. This prediction is shown in 

Equation 5. 
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 𝑟̂𝑢𝑖 = 𝑟̅𝑢 +
∑ 𝑠𝑖𝑚(𝑢.𝑣)×(𝑟𝑣𝑖−𝑟̅𝑣)𝑣∈𝑁(𝑢)

∑ |𝑠𝑖𝑚(𝑢.𝑣)|𝑣∈𝑁(𝑢)
 (5) 

In this equation, r̂ui is the predicted score for user u and item i. The set N(u) contains the users similar to u, and rvi 

is the score that user v gives to item i. The terms r̄u and r̄v are the mean scores of users u and v, while sim(u,v) is 

the similarity between users u and v. 

In the item-based approach, the prediction relies on the similarity among items. This prediction is given in 

Equation 6. 

 𝑟̂𝑢𝑖 =
∑ 𝑠𝑖𝑚(𝑖.𝑗)×𝑟𝑢𝑗𝑗∈𝑆(𝑖)

∑ |𝑠𝑖𝑚(𝑖.𝑗)|𝑗∈𝑆(𝑖)
 (6) 

In this equation, r̂ui is the predicted score for user u and item i. The set S(i) contains the items similar to item i, 

and ruj is the score that user u gives to item j. The term sim(i,j) denotes the similarity between items i and j. 

 

In the integration step, the output of the implicit-data model is combined with the output of the explicit 

crowdsourced model. This combination relies on hybrid weighting, where the weight of the implicit data was set 

to 0.7 and that of the explicit data to 0.3. These weights were later tuned to 0.62 and 0.38 during the optimization 

phase. The explicit data act as a filler in the cells where behavioral data are scarce, and they raise the density of 

the matrix. Furthermore, direct user feedback enters the model dynamically, and the algorithm is updated in an 

iterative manner. This mechanism turns the system from a static design into a learning and adaptive model. 

 

Model Validation and Data Splitting 

To assess the model performance fairly, the dataset was divided into training and test subsets. Eighty percent of 

the data were assigned to training, and twenty percent were held out for testing. This split was performed through 

stratified random selection, so that the overall distribution of interactions was preserved in both subsets. This 

approach prevents the model from overfitting the training data. To strengthen the external validity of the model, 

a secondary dataset of user ratings in the accommodation-services domain, namely hotel rankings, was also used. 

This complementary data tested the proposed algorithm in a setting with a different behavioral and social nature, 

and it reinforced the generalizability of the model. 

 

Data Analysis Method and Evaluation Metrics 

Data analysis was carried out with the collaborative-filtering algorithm in both the user-based and item-based 

approaches. The algorithm was implemented in the Java programming language, which supports the processing 

of large data volumes and the execution of iterative analyses. The model performance was measured through a set 

of standard quantitative metrics. These metrics included precision, recall, and the F1 score for assessing the 

correctness of the recommendations. Two further metrics, namely coverage and diversity, were used to gauge the 

breadth and variety of the suggestions. The prediction error was assessed through the mean absolute error and the 

root mean square error. Beyond the quantitative assessment, a qualitative analysis was conducted based on user 

feedback regarding satisfaction, usability, and the transparency of the recommendations. 

 

RESULTS 

 

This section presents the empirical results obtained from implementing the proposed model. It first describes the 

statistical properties of the behavioral and crowdsourced data. It then reports the results of the baseline 

collaborative-filtering model and the effect of integrating crowdsourced data. Next, the performance of four model 

versions is compared across the quantitative metrics. Finally, the optimized parameters, the qualitative assessment, 

and the real-world performance of the model are analyzed. 

 

Data Description 

The descriptive statistics of the two data sources are presented in Table 2. The behavioral data include the likes, 

comments, shares, and views of each user, drawn from their interaction traces. The crowdsourced data capture the 

users' ratings across four dimensions, namely satisfaction, content relevance, transparency, and trust. The table 

reports the mean, standard deviation, and range of every variable, so that the distribution and heterogeneity of the 

data become clear. 
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Table 2. Descriptive statistics of the behavioral and crowdsourced data 

Statistic Likes Comments Shares Views Satisfaction Relevance Transparency Trust 

Count 300 300 300 300 120 120 120 120 

Mean 5.2 1.8 0.9 125.0 3.9 4.1 3.7 3.8 

Std. dev. 3.6 1.5 1.1 32.0 0.8 0.7 0.9 0.8 

Minimum 0 0 0 30 2 2 1 1 

Median 5 2 1 120 4 4 4 4 

Maximum 20 10 8 250 5 5 5 5 

The results in Table 2 showed that the behavioral data follow a heterogeneous distribution. The mean number of 

likes per user is about 5.2, and its median is close to this value, which points to a fairly balanced distribution of 

likes. By contrast, the mean number of comments and shares is below two per user, and the first quartile of shares 

equals zero. This pattern reflects the strong presence of low-activity users who act as silent consumers. Among 

the crowdsourced data, content relevance holds the highest value with a mean of 4.1, which confirms the alignment 

between the recommended content and the users' interests. Transparency shows the lowest level with a mean of 

3.7 and a higher standard deviation, which points to the uneven experience of users in following the logic of the 

system. 

 

Data Preprocessing 

A summary of the cleaning and reduction process is presented in Table 3. At this stage, incomplete records, 

duplicates, and values outside the natural range were removed. Inactive users who logged no interaction were also 

excluded from the training set, so that the noise in the similarity computation would decrease. The table reports 

the volume of raw, removed, and final records for each data source. 

 

Table 3. Summary of data cleaning and reduction 

Data type 
Raw 

records 

Removed 

records 

Removal rate 

(%) 

Final 

records 

Behavioral interactions 18000 2500 13.9 15500 

Crowdsourcing 

responses 
140 20 14.3 120 

Inactive users 80 80 100 0 

The results in Table 3 showed that nearly fourteen percent of the eighteen thousand raw behavioral records were 

removed during cleaning. These records were mostly incomplete, duplicated, or outside the natural range. In the 

crowdsourced data, about fourteen percent of the responses were discarded due to incompleteness or 

inconsistency. The full removal of inactive users meant that the final set consisted mainly of users with a minimum 

level of interaction. The removal rate in both sources lies within a reasonable range, which shows that the cleaning 

was strict yet balanced. 

 

Baseline Collaborative-Filtering Results 

The descriptive statistics of user similarity and item similarity in the baseline model are presented in Table 4. 

These similarities were computed from the user–item interaction matrix using the cosine and Pearson measures. 

A comparison of the two columns reveals the structural difference between user similarity and item similarity. 

This difference has a direct effect on the choice of the more stable approach in the baseline model. 

 

Table 4. Descriptive statistics of user and item similarity in the baseline model 

Statistic User similarity Item similarity 

Analyzed pairs 44850 19900 

Mean 0.31 0.41 

Std. dev. 0.14 0.18 

Minimum 0.02 0.01 

First quartile 0.21 0.28 

Median 0.29 0.39 

Third quartile 0.39 0.52 

Maximum 0.87 0.96 
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The results in Table 4 showed that the mean item similarity equals 0.41 and exceeds the mean user similarity of 

0.31. The closeness of the mean and median in both columns confirms the absence of severe skewness in the 

similarity distributions. The wider gap between the quartiles in item similarity indicates the formation of more 

distinct content clusters. This structure makes the item-based approach more stable under sparse interactions. On 

this basis, the stable relations among neighboring items compensate for part of the weakness caused by sparse 

user data. 

 

The frequency distribution of user and item similarity values is shown in Figure 2. In panel (a), the distribution of 

user similarity concentrates in the range of 0.2 to 0.4 and forms around the mean of 0.31. The frequency of 

similarities below 0.1 and above 0.7 in this panel is very low, which shows that most user pairs share moderate 

similarity and that highly similar pairs are rare. In panel (b), the distribution of item similarity shifts toward higher 

values, and its peak falls within the range of 0.4 to 0.5. This panel has a long tail reaching 0.96, which confirms 

the presence of content groups with an almost identical consumption pattern. The difference between the means 

of the two panels, equal to 0.10, clearly reflects the higher concentration of similarity at the item level. This pattern 

reveals the advantage of the item-based approach in locating relevant and stable neighbors. 

 

(a) 

 

(b) 

 
Figure 2. Similarity distribution in the baseline model. (a) User similarity, (b) item similarity. 

 

The performance of the two baseline approaches on the test set is presented in Table 5. The table reports the 

precision values at two levels and the prediction error for the item-based and user-based approaches. The 

comparison of these two approaches forms the basis for selecting the reference configuration for the later phases. 

The figures in the table were computed from the same metrics defined in the methodology. 

 

Table 5. Performance of the baseline model in the item-based and user-based approaches 

Model type Precision@5 Precision@10 RMSE MAE 

Item-based collaborative filtering 0.41 0.37 0.182 0.139 

User-based collaborative filtering 0.38 0.34 0.195 0.148 

 

The results in Table 5 showed that the item-based approach performs better at both precision levels. In the top 

five recommendations, the precision of the item-based approach is about three percentage points higher than that 

of the user-based approach. This advantage also appears in the error metrics, where the RMSE and MAE values 

are lower in the item-based approach. This finding aligns with the sparse nature of the study data, since the 

relations among items are more stable than the relations among users. On this basis, the item-based approach was 

selected as the reference configuration for comparison with the integrated version. 

 

Effect of Crowdsourcing Integration 

The effect of adding the explicit data on model performance is presented in Table 6. The table compares the 

baseline and integrated versions on the same test set. The aim of this comparison is to measure the real role of the 

crowdsourced data in improving accuracy and reducing error. The reported metrics include precision, recall, and 

prediction error. 
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Table 6. Model performance with and without crowdsourced data 

Metric Baseline model Integrated model Improvement (%) 

Precision@5 0.41 0.48 +17 

Precision@10 0.37 0.41 +12 

Recall@10 0.32 0.39 +22 

RMSE 0.182 0.164 −9.8 

MAE 0.139 0.124 −10.8 

 

The results in Table 6 showed that the integrated version outperforms the baseline version across all key metrics. 

The precision at the top ten recommendations rose by about twelve percent, and the recall rose by about twenty-

two percent. The RMSE and MAE values also fell by close to ten percent each. This simultaneous reduction in 

error and rise in accuracy shows that the explicit data added meaningful and complementary information to the 

model. The performance gain is more pronounced for low-activity users, since the explicit data played a 

compensating role in these cases. 

 

The change in the density of the interaction matrix before and after integrating the explicit data is shown in Figure 

3. The matrix density in the baseline version was only 6.3 percent, and a large portion of the matrix cells remained 

empty. After adding the explicit data, this value rose to 28.9 percent, which represents a near four-and-a-half-fold 

increase in density. This jump means that a wide portion of the empty cells was filled with real information on 

user preferences. The reduction of empty space in the matrix made the estimation of hidden relations among users 

more stable and lowered the error caused by data sparsity. This rise in density is the main driver of the improved 

similarity computation and the reduced cold-start effect in the integrated version. 

 

 
Figure 3. Density of the user–item interaction matrix before and after crowdsourcing integration. 

 

Final Quantitative Evaluation 

A full comparison of the four model versions across all quantitative metrics is presented in Table 7. The table 

places the baseline, integrated, hybrid, and optimized versions side by side. The reported metrics cover precision, 

recall, the F1 score, prediction error, diversity, and coverage. The final column reports the improvement of the 

final version relative to the baseline version. 

 

Table 7. Performance comparison of the four model versions across all metrics 

Metric Baseline Integrated Hybrid Optimized 
Improvement over 

baseline (%) 

Precision@10 0.37 0.41 0.44 0.45 +22 

Recall@10 0.32 0.39 0.43 0.44 +37 

F1@10 0.34 0.39 0.42 0.43 +26 

RMSE 0.182 0.164 0.158 0.151 −17 

Diversity 0.43 0.51 0.57 0.58 +35 
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Coverage 0.21 0.29 0.32 0.34 +62 

 

The results in Table 7 showed that the optimized version holds the highest performance across all metrics. The 

precision at the top ten recommendations rose from 0.37 in the baseline version to 0.45 in the optimized version. 

The largest improvement belongs to coverage with sixty-two percent and recall with thirty-seven percent, which 

shows the increased ability of the model to retrieve desirable items. The RMSE also fell by seventeen percent, 

which confirms the higher prediction accuracy. The simultaneous rise in accuracy, diversity, and coverage is an 

important achievement, since these three metrics usually trade off against one another. This upward trend from 

the baseline version to the optimized version reveals the cumulative effect of crowdsourcing integration and 

optimization. 

 

The improvement trend of the three main accuracy metrics across the four model versions is shown in Figure 4. 

The precision at the top ten recommendations begins at 0.37 in the baseline version and rises to 0.41, 0.44, and 

0.45 in the subsequent versions. The recall follows a steeper trend and rises from 0.32 to 0.44, which marks the 

largest improvement slope. The F1 score also rises from 0.34 to 0.43 and confirms the steady growth across all 

three metrics. The gap between the baseline and integrated versions reveals the effect of adding crowdsourced 

data. The gap between the hybrid and optimized versions reflects the effect of parameter tuning and the added 

content layer. This upward pattern shows that the performance gain results from an effective structural change 

rather than mere parameter adjustment. 

 

 
Figure 4. Comparison of Precision@10, Recall@10, and F1@10 across the four model versions. 

 

Optimized Parameters and Model Efficiency 

The key adjustments to the parameters and the model structure in the optimization phase are presented in Table 

8. The table reports the value of each parameter before and after optimization, together with the reason for each 

change. These parameters were tuned based on the evaluation results of the earlier versions. The aim of these 

adjustments was to raise the stability of the similarities and to reduce the prediction error. 
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Table 8. Optimized parameters of the final model 

Component 
Before 

optimization 

After 

optimization 
Reason for change 

Number of neighbors 

K 
20 28 Higher similarity stability 

Explicit-data weight 0.30 0.38 
Positive effect in the integrated 

version 

Similarity measure Cosine 
Cosine and 

Pearson 
Lower sensitivity to noise 

Learning rate 0.010 0.005 Reduced prediction fluctuation 

Regularization 

coefficient 
— 0.12 Prevention of overfitting 

 

The results in Table 8 showed that raising the number of neighbors from twenty to twenty-eight increased the 

stability of the similarity computation. Raising the explicit-data weight to 0.38 also reduced the fluctuation of the 

similarities and made the ranking more stable. Changing the similarity measure to a cosine–Pearson combination 

lowered the model's sensitivity to noisy scores. Reducing the learning rate and adding the regularization 

coefficient also prevented overfitting. Alongside these adjustments, the rearrangement of the compressed matrix 

reduced the processing time of the final version by close to nineteen percent. 

 

Qualitative and Real-World Evaluation 

The qualitative user assessment and the real-world performance of the model are presented in Table 9. The first 

part of the table reports the users' ratings of five dimensions of the user experience on a five-point scale. The 

second part reports the performance metrics of the final version in a twelve-day field test with two hundred and 

forty users. Together, these two parts offer a picture of the perceived quality and the practical efficiency of the 

model. 

 

Table 9. Qualitative user assessment and real-world performance of the final version 

Part Indicator Value 

Qualitative assessment Relevance of recommendations 4.2 

Qualitative assessment User trust 4.1 

Qualitative assessment Response speed 4.0 

Qualitative assessment Diversity of suggestions 3.8 

Qualitative assessment Transparency of recommendations 3.4 

Real-world performance Precision@10 0.44 

Real-world performance Recall@10 0.42 

Real-world performance Overall user satisfaction 4.1 

Real-world performance Mean response time (seconds) 0.17 

 

The results in Table 9 showed that the highest qualitative score belongs to the relevance of recommendations with 

a value of 4.2. Trust and response speed, with scores close to four, also confirm a suitable level of user satisfaction. 

The lowest score belongs to transparency with a value of 3.4, which represents a structural weakness of the current 

version. In the real-world part, the precision and recall values are very close to the laboratory results, which shows 

the stability of the model under real conditions. The mean response time of 0.17 seconds also confirms the model's 

capacity for deployment at a medium scale. 

 

DISCUSSION 

 

This study was conducted to design and evaluate a hybrid recommender system that strengthens collaborative 

filtering with crowdsourced data. The findings showed that adding explicit user data to the model steadily 

improves the accuracy and quality of the recommendations. The optimized version outperformed the baseline 

version across all metrics and noticeably reduced the cold-start problem. This achievement confirms that the 
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informed participation of users can play a complementary role for implicit behavioral data. In what follows, each 

key finding is analyzed in light of prior research. 

 

The results showed that crowdsourcing increases the richness and density of the behavioral data, and on this basis 

the first hypothesis was confirmed. Each interaction shifted from a simple event to a set of qualitative indicators, 

and the mean amount of useful information per user grew several times. This change deepened the preference 

profile of the users. Rahi et al. (2025) [28] reached a similar result and showed that combining crowdsourcing 

with artificial intelligence raises data quality in public-health systems. Juárez-Varón and Monreal (2025) [29] also 

reported that crowdsourcing through social media strengthens organizational learning and knowledge richness. 

The alignment of these two studies with the present finding reinforces the role of explicit data in filling the gap 

left by implicit data. 

 

The results also showed that the structured integration of explicit and implicit data improves model accuracy, and 

on this basis the second hypothesis was confirmed. Merging the two data sources raised precision and recall at all 

evaluation levels and lowered the prediction error. This improvement showed that explicit data add meaningful 

and complementary information to the model rather than mere volume. Mirbahar et al. (2025) [32] reported a 

similar finding and showed that crowdsourced educational data improve the accuracy of mobile-app 

recommendations. Darban and Valipour (2022) [21] also proved, in their hybrid model, that combining diverse 

data sources raises recommendation performance over single-source methods. This consistency confirms the 

effectiveness of the proposed integrated structure for improving accuracy. 

 

In addition, the results showed that crowdsourced data reduce the cold-start problem, and accordingly the third 

hypothesis was confirmed. Adding the explicit data raised the density of the interaction matrix from 6.3 percent 

to 28.9 percent and improved recommendation quality for low-activity users. This rise in density made the 

estimation of users' hidden relations more stable. Chen et al. (2018) [10] pointed to a consistent conclusion in their 

review and identified data sparsity and cold start as the main challenges of collaborative filtering, which 

complementary data sources can ease. Ahsan et al. (2025) [31] also showed that crowdsourced data cover the 

data-deficient points in monitoring systems. This agreement reinforces the role of crowdsourcing in easing the 

cold-start problem. 

 

Beyond the main hypotheses, the results showed that the item-based approach performs more stably under sparse 

data. This complementary finding emerged outside the primary hypotheses. Item similarity proved more stable 

than user similarity, and the item-based model recorded higher accuracy in the baseline version. This stability 

traces back to the clustered structure of the content. Anwar and Uma (2021) [11] reached a similar result and 

found the item-based approach more stable on sparse data. Sanwal and Çaliskan (2021) [24] also highlighted, in 

their hybrid model, the role of stable item relations in improving prediction. This alignment justifies the choice of 

the item-based approach as the reference configuration. 

 

Furthermore, the results showed that the optimized version raises accuracy, diversity, and coverage at the same 

time. The model lifted all three metrics together, although these metrics usually trade off against one another. This 

outcome showed that the hybrid structure prevents the loss of diversity when accuracy rises. Isufi et al. (2021) 

[17] reached a similar finding and showed that careful model design can moderate the trade-off between accuracy 

and diversity. Khalaji et al. (2021) [23] also reported a simultaneous improvement in accuracy and coverage in 

their resource-allocation-based hybrid model. This consistency confirms the favorable balance that the proposed 

model strikes among these metrics. 

 

Finally, the results showed that transparency is the weakest dimension of the system from the users' viewpoint. 

Transparency received the lowest qualitative score, yet adding explanation tags in the final version raised it from 

3.4 to 4.0. This improvement showed that offering a short reason for each recommendation enhances the user 

experience. Samih et al. (2021) [27] reached a consistent result and showed that explainable mechanisms increase 

user trust and satisfaction. Jannach et al. (2021) [14] also identified explainability as a key factor in the adoption 

of recommender systems. This agreement highlights the development of explainability as a path for future 

improvement. 

 

This study faced several limitations that define the scope for generalizing its findings. The data were gathered 

from a single social-network platform and a single content domain, and the crowdsourcing sample was limited in 

size. These conditions allowed the model to be tested in a defined environment but make its generalization to all 
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platforms conditional. For future research, testing the model across several platforms and diverse content domains 

is suggested. Adding advanced explainability mechanisms and using deep-learning methods for dynamic 

weighting can also further strengthen the performance and adoption of the system. 

 

CONCLUSION 

 

Recommender systems have become a key tool for managing information overload in social networks, yet their 

performance is limited by challenges such as data sparsity and cold start. On this basis, the present study was 

conducted to design and evaluate a hybrid recommender system that strengthens collaborative filtering with 

crowdsourced data. The study followed an applied and developmental design, and its data were gathered from an 

active social-network group in the health-news domain. The implicit data were drawn from the users' behavioral 

traces, and the explicit data were obtained from a researcher-made questionnaire across four dimensions, namely 

satisfaction, relevance, transparency, and trust. The model performance was measured with precision, recall, the 

F1 score, coverage, diversity, and prediction error. The findings showed that adding crowdsourced data noticeably 

increases the richness and density of the behavioral data and turns each interaction from a simple event into a set 

of qualitative indicators. The structured integration of explicit and implicit data also raised precision and recall at 

all levels and lowered the prediction error, so that the precision of the optimized version reached 0.45 at the top 

ten recommendations and its recall reached 0.44. In addition, the explicit data raised the density of the interaction 

matrix from 6.3 percent to 28.9 percent and improved recommendation quality for low-activity users, which 

indicates an effective reduction of the cold-start problem. Overall, the optimized version outperformed the 

baseline version across all metrics, and the largest improvement was achieved in coverage with sixty-two percent. 

The main novelty of this study lies in its human-centered framework, in which the user acts at once as a data 

source and a validator of the recommendations. This approach merges explicit crowdsourced data with implicit 

behavioral data in a dynamic structure and offers a practical path for improving recommendation quality in social 

networks. The proposed model is deployable at a medium scale and can be applied to social-content platforms. 

For further strengthening, developing explainability mechanisms and using deep-learning methods for dynamic 

weighting are suggested as directions for future research. 
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