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1. Introduction 
Information overload is a condition in which a person or group has difficulty processing and managing 

information effectively [1]. This occurs due to the overwhelming amount of available information [2]. 

A recommender system is one key approach to mitigating this information overload [3]. A recommender 

system provides preferences by collecting information such as ratings, reviews, or opinions from previous 

users to be processed and given to users in the form of preferences [4].  

To date, many recommender systems have been developed for personal user cases [5]. However, in 

daily life, there is often interaction in groups, such as listening to music with friends, watching movies 

with family, planning vacations with colleagues, etc. [6]. Therefore, a group recommender system has 

the same level of importance to be completed in addition to a personal recommender system [6], [7], 

[8]. A group recommender system can be built with two methods, i.e., aggregate model and aggregate 

prediction [9]. The aggregate model is a method that combines user profiles from each group member 

into a group profile before making a recommendation [9]. Meanwhile, aggregate prediction is a method 

that combines recommendation results for each user profile from a group [9]. Both methods share the 

same challenges, one of which is data sparsity [10]. 
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 The development of technology makes the distribution of information 

easier and faster, but leads to information overload. A recommender system 

is one tool to overcome information overload, while the collaborative 

filtering (CF) paradigm is a widely used approach in recommender systems. 

The recommender system generally focuses on individual 

recommendations, but in real conditions, recommendations for a group are 

often needed, for example, when we want to listen to music with friends, 

or we plan a vacation with family. Many prior studies have used the CF 

paradigm with matrix factorization to build group recommender systems. 

Matrix factorization has been shown to alleviate the sparsity problem; 

however, it does not fully resolve it. Therefore, we propose an approach 

that uses a sparse autoencoder to address this sparsity issue. We chose the 

sparse autoencoder because it can effectively capture latent patterns in 

sparse data by learning a compressed representation while retaining 

important features crucial for accurate recommendations. We built a group 

recommender system with three different group sizes and aggregation 

approaches. For evaluation, we use the root-mean-square error (RMSE) 

and the mean absolute error (MAE). Test results indicate that the sparse 

autoencoder outperforms matrix factorization in terms of RMSE and 

MAE. This study improves group recommender systems by addressing data 

sparsity using a sparse autoencoder. The proposed approach enhances 

recommendation accuracy compared to traditional matrix factorization 

methods. 
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Data sparsity is a condition where there are many items that have not been rated by users [11]. In 

previous research, the matrix factorization (MF) model, which is a paradigm of collaborative filtering 

(CF) is widely used to build a group recommender system [6], [12], [13], [14]. The MF model has 

shown good performance, but this model has shortcomings in overcoming data sparsity, which can 

reduce the accuracy of prediction [15], [16], [17]. MF is proven to be able to solve the sparsity problem; 

however, MF does not completely solve this problem [17]. 

Lately, deep learning has received significant attention in the development of machine learning, one 

of which is in the development of recommender system [18], [19]. Deep learning is applied in 

recommender systems to provide alternative solutions to accuracy, cold-start, and data sparsity problems 

that exist in previous recommender systems [20]. Autoencoder (AE) is among the deep learning 

techniques employed in recommender systems to overcome the scalability and data sparsity issue [20], 

[21]. Sparse AE is a variant of AE that adds sparse regularization to the model [22]. In previous research, 

sparse AE has been used in personal recommender systems to address sparsity [23]. This model shows 

better performance compared to several base models tested using datasets with different levels of sparsity 

[23]. 

Therefore, we propose an approach by utilizing sparse AE to address the sparsity issue. In this study, 

we apply the sparse AE model to a group recommender system. Indeed, many studies have been 

conducted on group recommender systems to address the sparsity problem. MF has indeed been shown 

to overcome this sparsity problem, but it cannot fully do so. Meanwhile, sparse AE in some previous 

studies has shown better ability to overcome the sparsity problem. From that, we hypothesize that 

applying sparse AE to the group recommender system can improve its performance. We use several 

aggregation methods and various group formation size scenarios to build a group recommender system. 

The evaluation is done by comparing our proposed model with the MF model in the same scenario. In 

the evaluation, we use root mean square error (RMSE) and mean absolute error (MAE). 

The rest of this paper is organized as follows. Section 2 outlines the research method used to develop 

and evaluate a group recommendation system that employs a sparse AE. Section 3 presents the 

implementation and evaluation results, demonstrating the performance of the sparse AE in the group 

recommender system. Finally, Section 4 gives the conclusion. 

2. Method 

2.1. Dataset 
The system design of our research is presented in Fig. 1. In this study, we used MovieLens 100k and 

MovieLens 1M datasets. MovieLens 100k has 100 thousand ratings in the rating range of 1 to 5 from 

943 users with 1682 movies. MovieLens 1M has 1 million ratings in the range of 1 to 5 from 6040 users 

with 2000 movies. We use three columns, i.e, “userId”, “movieId”, and “rating”, to build the group 

recommender system. The two datasets have sparsity levels of 94% and 96%, respectively. 

 

Fig. 1. System design 
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The system design starts by processing the dataset, which contains interactions between users and 

items, into training data and testing data. This data is then transformed into a rating matrix. Next, the 

data in a rating matrix is modeled using a sparse AE. This sparse AE model is used to predict the rating. 

The resulting rating predictions are aggregated, and the aggregated results are used to generate item 

recommendations for a group. 

2.2. Group Recommender System 
A group recommender system is a system that makes a recommendation about an item to a group of 

users [6], [24]. There are two approaches in group recommender systems: aggregate prediction and 

aggregate model [10]. In this research, we focus on building a group recommender system using an 

aggregate prediction approach. Fig. 2 illustrates the building process of a group recommender system 

using this approach with 𝑛𝑛 users in one group. The first step is to provide recommendations for each 

user. Afterward, the items from each user’s recommendations are combined. Then, the items are sorted 

to produce a list of recommended items for the group. 

 

Fig. 2. The visualization of aggregate prediction 

2.3. Collaborative Filtering 

CF is the common paradigm used in recommender systems [25], [26]. This paradigm focuses on 

using information from a group of users to make recommendations to other users [27], [28]. CF utilizes 

the preferences of each active user to provide recommendations [16]. Fig. 3 shows the form of interaction 

of a group of users with each item.  

 

Fig. 3. The example of rating matrix 
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A rating is a preference expressed by active users towards an item [29]. Fig. 3 shows how the user 

interacts with the item: each user gives a rating to the item they have seen, and preferences can differ, 

as seen in the ratings given. Items that have never been rated by users pose a challenge for CF to predict 

ratings; this is called the data sparsity problem [30]. CF's main advantage is that it can provide 

recommendations without requiring detailed information about the items [31]. Recommendations are 

generated based on the preference patterns of other users who have similar preference patterns [31]. Fig. 

4 shows how CF generates item recommendations for a user. 

 

Fig. 4. The example interaction of collaborative filtering 

Fig. 4 shows two users, A and B, who share similar preferences for the same item. Therefore, the CF 

paradigm can provide item recommendations from user A's preferences to user B. However, CF also has 

disadvantages, such as the cold start problem, which makes the system difficult to provide 

recommendations for new users because it does not have preference data from the new user [31], [32]. 

2.4. Sparse Autoencoder in Group Recommendation System 

AE is one of the neural network architectures used to solve unsupervised learning problems [33]. AE 

can compress data, decode, and reconstruct the output [34]. AE has been used in various fields, such as 

image processing, speech recognition, and information retrieval [21]. This deep learning model has the 

advantage of overcoming data sparsity problems [20]. Basic AE has three layers, i.e., input layer, hidden 

layer, and output layer [34]. AE is divided into encoder and decoder [21]. The encoder consists of an 

input layer and a hidden layer, while the decoder consists of a hidden layer and an output layer [21]. 

Sparse AE is a variant of AE that adds sparsity regularization to the hidden layer [23], [35]. The addition 

of sparsity regularization to the traditional autoencoder can be seen in the following formula [36], 

𝐴𝐴𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐵𝐵, 𝑎𝑎) = 𝐴𝐴(𝐵𝐵, 𝑎𝑎) +  𝛽𝛽 ∑ 𝐾𝐾𝐾𝐾(𝜌𝜌||𝜌𝜌�𝑖𝑖)𝑚𝑚
𝑖𝑖=1   (1) 

where the matrix 𝐵𝐵 represents the weight matrix that connects the input layer to the hidden layer in the 

autoencoder network, while 𝑎𝑎 denotes the bias vector used to adjust neuron activations. The function 

𝐴𝐴(𝐵𝐵,𝑎𝑎) represents the autoencoder mapping function, which learns a compressed representation of the 

input data using the parameters 𝐵𝐵 and 𝑎𝑎. The parameter 𝛽𝛽 used to control the regularization value with 

a value range of [0, 1]. Meanwhile, the term ∑₍ᵢ₌₁₎ᵐ 𝐾𝐾𝐾𝐾(𝜌𝜌‖𝜌𝜌𝜌ᵢ) represents the sparsity regularization 

component added to the loss function, where the Kullback–Leibler (KL) divergence measures the 

difference between the desired average activation 𝜌𝜌 and the actual average activation 𝜌𝜌𝜌ᵢ of hidden units, 

encouraging the network to learn sparse feature representations. 
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Sparse AE creates information bottlenecks without reducing the number of nodes in the hidden 

layer. By adding regularization, the number of active neurons is limited, so the resulting feature 

representation includes only features considered important [36]. Fig. 5 shows the position of using the 

sparse AE in our group recommender system. 

 

Fig. 5. Sparse autoencoder in group recommender system using aggregate prediction 

where 𝑟𝑟𝑔𝑔,𝑖𝑖,𝑗𝑗 is the rating given by user 𝑖𝑖 in group 𝑔𝑔 for item 𝑗𝑗, 𝑃𝑃𝑃𝑃𝑔𝑔,𝑖𝑖,𝑗𝑗 is the predicted rating for user 𝑖𝑖 in 

group 𝑔𝑔 for item 𝑗𝑗,  and 𝐴𝐴𝑃𝑃𝑃𝑃𝑔𝑔,𝑖𝑖,𝑗𝑗 is the aggregated prediction rating for group 𝑔𝑔 for item 𝑗𝑗. 

We use a sparse AE to learn the rating matrix. The sparse AE is designed to capture key features of 

user-item interactions by applying sparsity regularization to the hidden layer. The resulting hidden 

patterns help predict the output-layer ratings, enabling the system to provide more accurate 

recommendations. Fig. 6 shows the sparse AE architecture that we used to build the group recommender 

system. 

 

Fig. 6. The architecture of sparse autoencoder in system 
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Fig. 6 shows the rating matrix of a 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖, which is then passed to our sparse AE architecture for 

modeling. Our sparse AE architecture begins with the input layer, where the number of neurons equals 

the number of items in the rating matrix. From the input layer, it goes to the hidden layer, which has 

three hidden layers. The first layer has 20 neurons, the second layer has 10 neurons, and the third layer 

has 20 neurons. For the sparse regularization value, we experimented with four values: 0.1, 0.3, 0.5, 0.7, 

and 0.9. The best sparse regularization value from the experimental results is used to compare with the 

base model. The sparse AE architecture in Fig. 6 is then used to train the training data. The training 

process is shown in Algorithm 1 (Fig. 7). 

Algorithm 1 trainSparseAE(data_train, epoch, sae, criterion, optimizer) 

// Train the sparse AE model 

Input : data_train is training data where each entry represents a group of users, epoch is number of epochs for 

training, sae is the sparse AE model defined in Figure 6, criterion is loss function to measure prediction errors, 

optimizer is optimization algorithm  
 1: for each epoch from 1 to epoch do  

 2:     train_loss ← 0 

 3:     batch_count ← 0 

 4:     for each group in data_train do 
 5:         prepare input and target for the group 

 6:         if there are non-zero values in target then  

 7:             output ← sae(input) 

 8:             loss ← criterion(output, target) 

 9:             adjust loss relative to non-zero target values 
10:             perform backward pass to compute gradients 

11:             update model parameters using optimizer 

12:             accumulate train_loss 

13:             batch_count ← batch_count + 1 

14:         end if 
15:     end for 
16: end for 

Fig. 7.  Sparese AE training algorithm 

Algorithm 1 shows the process of training a sparse AE model with training data  (Fig. 7). The model 

training process generally includes initializing model parameters and loss functions, followed by a forward 

pass in which the input data is processed to generate predictions. The loss is then calculated to measure 

how accurate the prediction is to the original target value in line 8. In line 10, backpropagation is used 

to calculate a gradient that determines changes to the model parameters to reduce the loss. The 

parameters are then updated using an optimization algorithm in line 11. These steps are repeated for 

each epoch until training is complete. 

2.5. Aggregation Strategy 

Aggregation strategy in group recommender systems is used to combine several user preferences into 

a group [6]. Aggregation methods can be classified as borderline, majority-based, and consensus-based 

[9]. Each aggregation function has its own advantages and disadvantages, and in practice, it can be 

adapted to the needs of a particular domain [6]. Since the purpose of this research is not domain-specific, 

we use several aggregation methods. We chose domain-independent aggregation methods because they 

are widely used and applicable across contexts such as movies, music, and education [6]. This allows us 

to evaluate the model without relying on domain-specific information. However, different contexts may 

benefit from specific strategies; for example, MP works well for entertainment, while LM is often used 

in music to ensure all group members’ preferences are considered [6]. The aggregation methods we use 

are [9]: 

• Average (AVG): Aggregation is done by calculating the average of the ratings given. The 

recommended item is the one with the highest average. The formula for AVG is as follows, 
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𝐴𝐴𝐴𝐴𝐴𝐴(𝑖𝑖) =  1
|𝐺𝐺|
∑ 𝑟𝑟𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢   (2) 

where 𝐴𝐴𝐴𝐴𝐴𝐴(𝑖𝑖) is the average of item 𝑖𝑖, 𝐺𝐺 is the user group, 𝑟𝑟𝑢𝑢𝑢𝑢 represents rating assigned to item 𝑖𝑖 
by user 𝑢𝑢, and |𝐺𝐺| is the amount of users in the group. 

• Most Pleasure (MP): Aggregation is done by taking the maximum value of the rating given. The 

recommended item is the item that has the highest value, so the resulting recommendation is an 

item that is only liked by some users. The formula for MP is as follows, 

𝑀𝑀𝑀𝑀(𝑖𝑖)  =  max
𝑢𝑢∈𝐺𝐺

𝑟𝑟𝑢𝑢𝑢𝑢  (3) 

where MP(i) is the highest rating given to item i by a group member. 

• Least Misery (LM): Aggregation is done by calculating the minimum value of the rating given. The 

recommended item is the one with the highest minimum value in the aggregation results, so the 

recommendation is the item least disliked by some users. The formulation for LM is as follows, 

𝐿𝐿𝐿𝐿(𝑖𝑖)  =  min
𝑢𝑢∈𝐺𝐺

𝑟𝑟𝑢𝑢𝑢𝑢  (4) 

where LM(i) is the least rating given to item i by the group members. 

• Additive Utilitarian (AU): Aggregation is done by summing up the ratings given. The recommended 

item is the one with the highest value in the summation result. The formulation for AU is as follows, 

𝐴𝐴𝐴𝐴(𝑖𝑖)  =  ∑ 𝑟𝑟𝑢𝑢𝑢𝑢𝑢𝑢∈𝐺𝐺   (5) 

where AU(i) is the total rating given to item i by all group members. 

• Average Without Misery (AWM): Aggregation is done by calculating the average of the ratings that 

are above a certain threshold. In this way, ratings that are very low or below the threshold value are 

not considered. The formula for AWM is as follows, 

𝐴𝐴𝐴𝐴𝐴𝐴(𝑖𝑖)  =  ∑ 𝑟𝑟𝑢𝑢𝑢𝑢∙𝑢𝑢∈𝐺𝐺 1(𝑟𝑟𝑢𝑢𝑢𝑢>𝑇𝑇)
∑ 1(𝑟𝑟𝑢𝑢𝑢𝑢>𝑇𝑇)𝑢𝑢∈𝐺𝐺

  (6) 

where AWM(i) is the average rating only for ratings that exceed the misery threshold T. 

We use these five aggregation methods to aggregate the predicted ratings. Our aggregation process 

can be seen in Algorithm 2 (Fig. 8). 

Algorithm 2 aggregatePredictions(r_pred, G, aggregation_strategy) ⟶ aggregated prediction  

// Aggregates individual predictions into a group prediction. 

Input : r_pred is matrix of individual predictions where r_pred[u, i] is the prediction for user u on item i, G 

is set of users in the group, aggregation_strategy is the method used for aggregation 
1: result ← [ ] 

2: for each item i in r_pred do 

3:     values ← collect r_pred[u, i] for all users u in G 

4:     aggregated_value ← aggregate values using aggregation_strategy 

5:     result[i] ← aggregated_value 

6: end for 
7: return result 

Fig. 8.  Generate aggregate rating prediction algorithm 

Algorithm 2 describes the aggregation process for generating an aggregate rating prediction (Fig. 8). 

First, an initialization step is performed to store the aggregation results. In lines 2 and 3, for each item 

in r_pred, the algorithm collects predictions from all users in the group for that item. Next, in line 4, 
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these prediction values are combined using a predefined aggregation method. The aggregation result for 

each item is stored in line 5, and this process is repeated for all items. 

Algorithm 3 describes the process for generating top-N recommended items from aggregated 

prediction results (Fig. 9). The process starts by initiating an empty structure, top_n_items, to store the 

top recommendation items. In line 2, the items in aggregated_pred are sorted by prediction value in 

descending order. Next, the item with the highest value is selected and added to top_n_items until it 

reaches N. Finally, the algorithm returns the top_n_items list, which contains the N best items based 

on the aggregated results, to recommend to a group. 

Algorithm 3 topNRecommendations(aggregated_pred, N) ⟶ top N items  

// Generates top-N recommendations from aggregated predictions. 

Input : aggregated_pred is a list of items with their aggregated prediction values, N is the number of top 

items to recommend 
1: top_n_items ← [ ] 

2: sorted_items ← sort aggregated_pred by descending 

3: for each item in sorted items up to N do 

4:     top_n_items.append(item) 

5: end for 
6: return top_n_items 

Fig. 9.  Generating top-N recommended items algorithm 

3. Results and Discussion 

3.1. Evaluation Metrics 
We use MAE and RMSE evaluation metrics to evaluate the proposed sparse AE model in building a 

group recommender system and compare it with the MF model as the base model. MAE and RMSE 

are evaluation metrics that have been used in previous studies to evaluate group recommender systems 

[9], [10], [12]. The MAE and RMSE formulas are as follows [37], 

ΜΑΕ = ∑ (𝑦𝑦𝑖𝑖−𝑟𝑟𝑖𝑖)
𝑘𝑘
𝑖𝑖

𝑘𝑘
  (7) 

ΡΜΣΕ =�∑ (𝑦𝑦𝑖𝑖−𝑟𝑟𝑖𝑖)2
𝑘𝑘
𝑖𝑖

𝑘𝑘
  (8) 

where 𝑦𝑦𝑖𝑖 is the predicted rating for item 𝑖𝑖, 𝑟𝑟𝑖𝑖  is the original rating of item 𝑖𝑖, and 𝑘𝑘 is the number of 

items. 

3.2. Result and Analysis 
We conducted experiments using the MovieLens 100k and MovieLens 1M datasets. These two 

datasets do not have information on how group formation occurs. Therefore, we created 100 groups 

randomly from these datasets. These groups were formed with three different sizes: a small group with 

three users, a medium group with five users, and a large group with eight users. These sizes were selected 

based on previous studies in group recommender systems, representing small, medium, and large groups 

commonly used in the literature [13], [38]. For each group size, five aggregation methods were used: 

AVG, MP, LM, AU, and AWM. We trained the sparse AE model using the Adam optimizer with a 

learning rate of 0.001 for 100 epochs. We divided the dataset into 80% for training and 20% for testing. 

For the first experiment, we tested to find the best sparse regularization value. The sparse 

regularization values we tested were 0.1, 0.3, 0.5, 0.7, and 0.9. Fig. 10 and Fig. 11 show the test results 

with MAE and RMSE, respectively, using the MovieLens 100k dataset. 
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Fig. 10. MAE results from sparse autoencoder tuning experiments 

Fig. 10 shows that the overall MAE tends to decrease as the sparse regularization value increases from 

0.1 to 0.5. There is no significant change between sparse regularization values of 0.5 and 0.7. However, 

the MAE tends to increase again as the sparse regularization value increases, as shown in sparse 

regularization with a value of 0.9. 

Fig. 11 shows the test results with RMSE. Overall, the test results are quite similar to those using 

MAE. Larger sparse regularization values tend to decrease the RMSE, as seen at values of 0.1 to 0.5. 

However, the RMSE tends to increase again at 0.9.  From experiments on the sparse AE model with 

different sparse regularization values, it can be concluded that the optimal sparse regularization values lie 

in the range 0.5-0.7. This shows that higher sparse regularization values, which encourage the model to 

activate fewer neurons, can improve the performance of the group recommender system. However, if 

the sparse regularization value is too high, resulting in too few active neurons, the group recommender 

system's performance can be reduced. 

From the test results, we found that the best sparse regularization values are 0.5 and 0.7. Therefore, 

we used the sparse regularization value of 0.5 in sparse AE to build the group recommender system. In 

the next step, we tested sparse AE against MF as the baseline. Table 1 and Table 2 show the MAE and 
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RMSE results from tests on the MovieLens 100k and MovieLens 1M datasets using the scenarios we 

described previously.  

 

Fig. 11. RMSE results from sparse autoencoder tuning experiments 

The first test, shown in Table 1 using the MovieLens 100k dataset, shows that the sparse AE model 

is overall better than the MF model in terms of MAE and RMSE across various group sizes and 

aggregation methods. Sparse AE shows significant differences, especially in AVG, MP, AU, and AWM 

aggregation methods. While in the LM aggregation method, the difference is not significant, but sparse 

AE is still better. 

The second test, shown in Table 2, uses the MovieLens 1M dataset, where the MovieLens 1M 

dataset has a greater sparsity level than the dataset in the first test. We found that the sparse AE model 

significantly outperforms the AVG, MP, AU, and AWM aggregation methods based on the MAE and 

RMSE evaluation metrics. However, in LM aggregation method for small size sparse AE is better 

although the difference is not significant, but in medium and large size MF is able to maintain its 

advantage as evidenced by lower MAE and RMSE. This happens because LM takes the lowest rating in 

the group. In medium and large groups, the chance of having a very low rating is higher, so the result is 

more influenced by that value. Because there is a greater likelihood of receiving a very low rating in 

medium and large groups, that value has a greater impact on the outcome. While sparse AE occasionally 
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produces more varied predictions that may not be as appropriate when LM uses the lowest rating, MF 

typically produces smoother predictions, making it more stable in LM. The sparse AE learns hidden 

patterns from user ratings and captures the shared interests among group members. When the 

aggregation combines or averages individual ratings, sparse AE can use what it has learned to generate 

more accurate and balanced predictions. In contrast, LM emphasizes the lowest rating, so a single low 

score can dominate the result and reduce the sparse AE advantage 

Table 1.  MovieLens 100k result 

Experiment 
MF Sparse AE 

MAE RMSE MAE RMSE 

AVG 

Small 0.1115 0.2766 0.0641 0.1622 

Medium 0.1060 0.2359 0.0593 0.1305 

Large 0.1036 0.2100 0.0562 0.1104 

MP 

Small 0.2662 0.6321 0.1596 0.3957 

Medium 0.3497 0.7178 0.2144 0.4529 

Large 0.4573 0.8206 0.2872 0.5333 

LM 

Small 0.0158 0.1411 0.0114 0.1059 

Medium 0.0063 0.0863 0.0052 0.0709 

Large 0.0019 0.0430 0.0017 0.0380 

AU 

Small 0.3344 0.8298 0.1923 0.4865 

Medium 0.5299 1.1795 0.2965 0.6523 

Large 0.8286 1.6801 0.4500 0.8831 

AWM 

Small 0.3476 0.8890 0.2031 0.5761 

Medium 0.4608 1.0570 0.2765 0.7134 

Large 0.5834 1.2075 0.3563 0.8418 

Across two tests on two datasets, using several aggregation methods and group sizes, the sparse AE 

model was overall better than MF. This is evident from the lower MAE and RMSE accuracy metrics. 

Although in some specific conditions, the sparse AE model is not always better than MF. Based on the 

evaluation results, we observe that sparse AE, which can overcome sparsity issues, can improve 

performance in building a group recommender system. 

Table 2.  MovieLens 1M result 

Experiment 
MF Sparse AE 

MAE RMSE MAE RMSE 

AVG 

Small 0.0920 0.2485 0.0621 0.1641 

Medium 0.0907 0.2151 0.0575 0.1293 

Large 0.0856 0.1901 0.0509 0.1043 

MP 

Small 0.2258 0.5793 0.1608 0.4169 

Medium 0.3191 0.6923 0.2294 0.4971 

Large 0.3979 0.7682 0.2966 0.5697 

LM 

Small 0.0098 0.1100 0.0085 0.0961 

Medium 0.0022 0.0470 0.0021 0.0473 

Large 0.0007 0.0237 0.0008 0.0254 

AU 

Small 0.2761 0.7455 0.1863 0.4924 

Medium 0.4536 1.0755 0.2874 0.6467 

Large 0.6845 1.5207 0.4072 0.8344 

AWM 

Small 0.3063 0.8424 0.1964 0.5808 

Medium 0.4407 1.0572 0.2864 0.7474 

Large 0.5346 1.1794 0.3553 0.8593 

Compared with previous deep learning approaches in group recommendation, such as trust-aware 

GRS and hybrid deep MF methods, our work follows a different path. Trust-aware GRS uses virtual 

coordinators based on social trust among group members, while hybrid deep MF combines latent factors 

with neural networks to capture complex interactions. Our method relies only on user–item rating data 

and addresses sparsity with a sparse autoencoder, making it simpler and applicable even when trust or 
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side information is unavailable, while still showing competitive improvements across most aggregation 

strategies. 

In addition to improving accuracy, sparse AE’s gains in MAE and RMSE also show that the 

recommendations are easier to understand and apply. Lower MAE and RMSE indicate predicted ratings 

that are more in line with group members’ actual preferences, which is significant in real-world group 

decision scenarios such as watching a movie or organizing a trip. Sparse AE can capture small changes 

in group members’ preferences and make recommendations that satisfy more members than MF, which 

usually produces smoother but less flexible predictions. To further contextualize the results, we 

compared our work with several previous group recommender system studies, as summarized in Table 

3. 

Table 3.  Summary of Related Group Recommender System Studies 

Author 
(Year) Method Main Contribution / Advantage 

Shi et al.  

[12] 

Latent Group 

Model 

Proposed a latent group model that detects hidden user groups using latent factors 

and aggregates them for efficient and accurate group recommendations on the 

MovieLens dataset. 

Ortega et al. 

[13] 

MF 

Proposed three MF-based approaches to map user groups into the latent factor space, 

demonstrating that MF outperforms KNN-based CF methods across different group 

sizes on MovieLens and Netflix datasets. 

Ahmad et 

al. [39] 

Memory-based 

CF 

Developed a group recommender system using collaborative filtering, tested multiple 

aggregation methods (average, least misery, most happiness), and found that least 

misery achieved the best F1-score, especially when group neighborhood weighting 

was applied. 

Vo & Soh 

[40] 

Variational 

Autoencoder 

Built a generative group recommender model using a Variational Autoencoder that 

jointly creates new items and identifies user groups likely to prefer them, combining 

rating and reconstruction losses for improved novelty and diversity. 

Wang et al. 

[14] 

MF with Trust 

Introduced a trust-aware group recommender system (TruGRC) using a virtual 

coordinator that integrates profile and result aggregation, leveraging social trust to 

handle conflicting preferences and improve ranking accuracy. 

Yannam et 

al. [10] 

Slope One 

Proposed a dynamic Slope One–based group recommender, improving efficiency and 

online prediction performance. 

Proposed Sparse AE 

Developed a group recommender system using a sparse autoencoder to address the 

sparsity problem in collaborative filtering. The model learns compact latent 

representations from sparse rating data, improving prediction accuracy compared to 

MF across various aggregation methods and group sizes, as evidenced by lower RMSE 

and MAE values. 

Table 3 summarizes prior studies on group recommender systems and their main contributions. Most 

approaches improve recommendation quality by integrating trust mechanisms, hybrid learning strategies, 

or generative models to more effectively capture user interactions. In contrast, our approach mitigates 

data sparsity using sparse autoencoders that learn compact user–item representations. This enables 

consistent and domain-independent performance across various aggregation strategies and group sizes. 

4. Conclusion 
We build a recommender system using the sparse AE model approach. The sparse AE model 

addresses the sparsity problem, a shortcoming of the MF model widely used in previous research to build 

group recommender systems. In building the group recommender system, we used several different 

aggregation strategies, that is, AVG, MP, LM, AU, and AWM, as well as several different group sizes. 

Evaluation is performed using MAE and RMSE metrics on the MovieLens 100k and MovieLens 1M 

datasets, which differ in sparsity. The test results show that the sparse AE model is overall better than 

the MF model, as evidenced by the lower MAE and RMSE values. From these results, applying the 

sparse AE model, which better handles sparsity than the MF model, can improve the performance of 

the group recommender system. 
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