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Abstract 

With the increasing prevalence of digital platforms, recommender systems play a crucial role in personalizing user 

experiences. However, selecting an appropriate recommender system algorithm remains challenging due to 

inconsistent evaluation procedures and limited comparative studies that simultaneously address accuracy, efficiency, 

and architectural extensibility. This study compares nine recommender system algorithms, including traditional 

collaborative filtering (SVD, SVD++, KNN, NMF, SlopeOne), content-based filtering, hybrid approach, and deep 

learning autoencoder technique using MovieLens-1M and MovieLens-100K dataset. The hybrid approach achieved 

the best accuracy (RMSE 0.6865), followed by SVD++ and SVD (RMSE 0.8660 and 0.8729). Autoencoder 

demonstrated moderate performance (RMSE 0.9961) with 14% accuracy gap from SVD. Computational efficiency 

varied greatly, from 0.29 seconds for content-based methods to 3,470.73 seconds for SVD++. Cross-dataset 

validation of collaborative filtering methods confirmed consistency across datasets. Beyond accuracy metrics, 

architectural analysis identified autoencoder's extensibility advantage for integrating heterogeneous data sources, an 

important consideration for systems requiring multimodal capabilities. The findings provide empirical insights for 

method selection based on system priorities such as accuracy, efficiency, and architectural flexibility for multimodal 

integration. 
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1. INTRODUCTION 

As online platforms continue to improve, recommender systems have become vital components 

in helping users navigate information overload, from the e-commerce domain, streaming services, 

travel, as well as hospitality [1], [2]. Generating recommendations that are not only relevant and 

accurate, but also aligned with individual user preferences, remains as a main challenge [3], [4]. This 

becomes more complex by considering the dynamic and evolving user preferences. The growing 

demand for transparency and explainability introduces an additional dimension for recommender system 

development [5]. 

The improvement of technology enriches data sources for recommender systems. User-generated 

content such as reviews provide sentiment information and implicit preferences [6], [7]. It encourages 

research on multimodal recommender system using multimodal data such as text, images, and also 

metadata to model more holistic approaches [8]. The cross-domain recommendation paradigm enables 

knowledge transfer across domains to address data limitations [9]. These developments underscore that 

research in recommender systems remains relevant and dynamic. To develop advanced methods, 

understanding various approaches is fundamental. Collaborative filtering methods based on matrix 
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factorization, including SVD and SVD++, have demonstrated strong effectiveness in managing data 

sparsity challenges [4], [10]. The neighborhood-based methods offers a highly interpretable 

recommendation, even with the scalability constraints [10], [11]. Additionally, capturing the non-linear 

patterns becomes an advantage for deep learning based methods, specifically autoencoders [12], [13]. 

In other side, the content-based filtering focusses on descriptive item attributes to deliver targeted 

recommendations [6], [8], while hybrid approaches merge the benefits of several complementary 

methods to deliver more robust results [3], [7]. 

Additionally, both opportunities and challenges are presented by the variety of available 

recommendation methods for developers and researchers. Existing comparative studies provide useful 

insight into individual methods [12], [14], [15], however, comprehensive direction for choosing methods 

aligned with specific system goals and data traits remains scarce. In response, a framework that 

considers the trade-offs between accuracy, efficiency, and extensibility could enhance decision-making 

for applied system development and further research direction. To fill this research gap, this study 

performs a systematic comparison involving nine representative recommendation approaches, including 

matrix factorization-based methods (SVD, SVD++, NMF), neighborhood-based (KNN, SlopeOne), 

content-based filtering, hybrid approaches, as well as a deep learning model based on an autoencoder. 

The evaluation is performed on the MovieLens-1M dataset for a complete comparison between all 

methods, while the smaller MovieLens-100K dataset is used to examine the impact of data size on 

collaborative filtering performance. Standard metrics of RMSE and MAE are used in conjunction with 

systematic consideration of computational efficiency. 

This research aims to provide a more systematic and actionable framework for choosing suitable 

recommendation methods based on the priority of the system, such as accuracy, efficiency, scalability 

and characteristics of the available data. The analysis identified three critical dimensions in method 

selection: (1) the balance between accuracy and efficiency, (2) method suitability for data characteristics 

such as sparsity and interaction density, and (3) the potential for multimodal feature integration through 

adaptive architectural design. The comparative evaluation revealed distinct trade-offs across methods. 

Methods that are based on traditional matrix factorization have demonstrated promising performance, 

in terms of both predictive accuracy and implementation effectiveness. Computational efficiency and 

ease interpretation are the advantages of neighborhood-based methods. Even if deep learning approach 

is moderate, it offers superior flexibility when dealing with heterogeneous data sources. These results 

translate theoretical performance into a practical decision-making guide, empowering practitioners to 

align algorithmic choices with specific dataset constraints, system requirements, or performance 

priorities. 

2. RELATED WORKS 

Research comparing recommender system algorithms has gained increasing attention, aiming to 

analyze the differences in the characteristics of the algorithms along with their corresponding 

performance outcomes. Rajesh and Kumar [14] analyzed collaborative filtering approaches across the 

widely used MovieLens benchmarks at three scales: 100K, 1M, and 25M, offering a comparative 

analysis of memory-based algorithms (e.g., KNN variants) with model-based methods including SVD, 

SVD++, and co-clustering, as well as neural network–based methods. While traditional methods such 

as KNN and SVD continue to be valuable for small-data contexts or low-resource settings, neural and 

graph-based architectures outperform classical approaches by up to 15% for large-scale datasets. Anwar 

et al. [15] implemented SVD++ on the MovieLens dataset, with results showing that SVD++ achieved 

superior performance with lower RMSE compared to traditional methods. This shows that matrix 

factorization approaches can effectively handle sparse data. Consistent results were reported by Guan et 
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al. [16], noting that SVD enables efficient collaborative filtering through a closed-form solution without 

iterative training. 

For deep learning approaches, an integrative assessment of autoencoder-based methods has 

shown that, although autoencoders possess theoretical advantages in feature learning, their performance 

heavily depends on careful hyperparameter tuning and sufficient training data availability [17]. Liang et 

al. [13] investigated Variational Autoencoders (VAE) and found that VAE-based methods show promise 

in handling sparse data through a probabilistic framework yet require appropriate regularization to avoid 

overfitting on small datasets. Integrating the advantages of multiple methods in hybrid approach can 

effectively overcome the limitations of single method. Çano and Morisio [3] in a systematic literature 

review identified that the majority of hybrid approaches combine collaborative filtering with other 

methods, often employing weighted hybridization. Sami et al. [1] integrated collaborative filtering, 

neural collaborative filtering, and content-based filtering in a deep learning-based hybrid model, 

yielding significant improvements in accuracy and relevance. Hybrid approaches with weighted 

combinations enable fine-tuning to achieve optimal balance between precision and coverage, with 

parameter α optimizable through grid search to determine each component's contribution. 

From recent studies, it can be seen that selection of an appropriate recommendation method is 

contextual, needs to consider factors such as dataset characteristics, available computational resources, 

and specific application requirements. This research contributes by providing a systematic comparison 

to guide appropriate method selection for developing advanced recommender systems. 

3. METHOD 

3.1. Research Design and Workflow 

An experimental approach is used in this study to compare and evaluate the performance of nine 

recommendation system methods. The workflow is structured around four main stages. First, the data 

are prepared, followed by model implementation and performance evaluation. Finally, the results are 

analyzed to derive actionable insights. Figure 1 presents a comprehensive diagram of the research flow. 

 

 
Figure 1. Research Flow Diagram 

3.2. Dataset 

The experiments utilized two public datasets from MovieLens provided by GroupLens Research. 

The first dataset is MovieLens-1M with 1,000,209 user ratings accumulated from 6,040 individuals on 

3,706 movies. The sparsity level was 95.53%. The second is MovieLens-100K consists of 100,000 user 
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ratings accumulated from 943 users on 1,682 movies and has sparsity level of 93.70%. Both datasets 

employ a 5-star rating scale for performance evaluation purposes, the entire dataset was split into 

training and testing set in an 80:20 ratio, with 80% allocated for training and the remaining 20% reserved 

for testing. It was divided through stratified random sampling based on users, and a random seed set to 

42 for reproducibility. 

 

 
Figure 2. MovieLens-1M Dataset Attributes 

 

The properties of MovieLens-1M are illustrated in Figure 2. The rating distribution shows a 

positive skew toward higher ratings. The analysis of user activity and item popularity reveals long-tail 

distributions. The dataset shows that users rated on average 166 items (median: 96; max: 2,314), and 

items received on average 270 ratings (median: 124; max: 3,428). These observations indicate that the 

dataset was sparse and imbalanced. Similar distributional characteristics were observed in the 

MovieLens-100K dataset. 

3.3. Algorithm and Implementation 

This study evaluated collaborative filtering, content-based filtering, hybrid filtering, and a deep 

learning method. Collaborative filtering included memory-based techniques (User-KNN, Item-KNN), 

valued for interpretability but limited scalability, and model-based techniques (SVD, SVD++, NMF, 

SlopeOne), effective with sparse data via latent factor decomposition. Content-based filtering assessed 

performance using only item attributes, important for cold-start scenarios. The hybrid method tested 

whether weighted combinations could leverage complementary strengths. Finally, the autoencoder 

architecture explored deep learning's potential for multimodal feature integration despite higher 

computational demands. Table 1 summarizes the key characteristics of evaluated approaches. 

 

Table 1. Characteristics of Evaluated Methods 

Approaches Advantage Limitation Best Use Case 

Memory-based 

CF 

Interpretable and no-training Poor scalability Small datasets with dense 

interactions 

Model-based CF Handles sparsity, scalable Cold-start 

problem 

Large scale system with 

rich history 

Content-based Addresses cold-start Over-

specialization 

New items and feature-

rich domain 

Hybrid Combines strength Complex tuning Diverse data with quality 

interactions 

Deep learning 

(autoencoder) 

Flexibility and multimodal 

support 

Data hungry System with 

heterogeneous data source 

 

All these methods were implemented using standard Python libraries. Six collaborative filtering 

methods were implemented using Scikit-Surprise v1.1.3. The content-based filtering method employed 

TF-IDF vectorization from Scikit-learn v1.2.2 with movie genre features as input and cosine similarity 
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to compute item similarity. The Autoencoder-CF method was implemented using TensorFlow v2.13.0 

with an encoder-decoder architecture: input layer (3,706 neurons), encoder layers (512-256-128), latent 

representation (64 neurons), and decoder layers (128-256-512) with sigmoid activation. For hybrid 

approach, integration of SVD and content-based method was employed in this research. Eq. 1 shows the 

weighted average-based combination formula, where α represents the weight assigned to the 

collaborative filtering component, ranging from 0 (full content-based) to 1 (full collaborative filtering). 

It is tested across values [0.5, 0.6, 0.7, 0.8, 0.9]. Table 2 presents the hyperparameter configurations 

used for several methods. 

 

Table 2. Main Hyperparameter Configuration 

Methods Key Parameters Values 

SVD/SVD++ n_factors, n_epochs, lr, reg 100, 20, 0.005, 0.02 

NMF n_factors, n_epochs 15, 50 

User-KNN/Item-KNN k, similarity 40, cosine 

SlopeOne implementation Standard 

Content-Based vectorizer, top_k TF-IDF, 20 

Hybrid α (CF weight) 0.9 (optimal) 

Autoencoder layers, latent_dim, epochs [512-256-128]-64, 50 

𝐻 = 𝛼 𝑥 𝐶𝐹 + (1 − 𝛼) 𝑥 𝐶𝐵 (1) 

3.4. Performance Measures 

In order to provide an objective assessment, performance of each method was measured using the 

Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) metric. Eq.2 is the equation for 

RMSE, while MAE is calculated using Eq. 3. 𝑟𝑖 represents the real rating, 𝑟̂𝑖 represents the prediction, 

and 𝑛 is the number of predictions.  

𝑅𝑀𝑆𝐸 =  √
∑ (𝑟𝑖−𝑟̂𝑖)2𝑛

𝑖=1

𝑛
 (2) 

𝑀𝐴𝐸 =  
∑ |𝑟𝑖−𝑟̂𝑖|𝑛

𝑖=1

𝑛
 (3) 

Lower values on both metrics indicate better performance. In addition to accuracy, the 

computational efficiency of each method was evaluated by recording its training time in seconds. 

Evaluation was conducted on the same testing set for all methods, ensuring fair comparison. Cross-

validation was not performed due to computational constraints. Although it contributes to more robust 

model selection and tuning, this step is not obligatory, especially under constraints of computational 

efficiency [18].  The 80/20 split ratio was adopted based on empirical evidence demonstrating its 

effectiveness in achieving high accuracy and generalizability across various machine learning domains 

[19]. 

3.5. Development Setting 

All experiments have been done using Python 3.9.13, supported by some essential libraries such 

as Pandas v1.5.3, NumPy v1.24.3, Matplotlib v3.7.1, and Seaborn v0.12.2, as a robust data processing 

and visualization framework. A consumer-grade hardware with Intel Core i5 CPU and 8 GB RAM (no 

GPU acceleration) was used during the implementation and testing. This hardware specification was 

chosen to simulate practical deployment conditions in resource-constrained environments. All code 

utilized standard library implementations without modifications to maintain reproducibility and 

comparability with other studies.  
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4. RESULT 

The evaluation was conducted on nine recommendation methods encompassing six methods on 

collaborative filtering approach (SVD, SVD++, SlopeOne, NMF, User-KNN, Item-KNN), one method 

of content-based filtering, one deep learning method (Autoencoder-CF), and one hybrid approach 

(α=0.9). RMSE and MAE metrics were employed, where lower values indicate higher accuracy. 

4.1. Overall Performance Comparison 

Figure 3 presents the performance comparison across all nine methods. The hybrid approach 

(α=0.9) achieved the best performance with RMSE of 0.6865 and MAE of 0.5455, outperforming other 

methods by a significant margin (20.7% better than SVD++ in RMSE). SVD++ and SVD occupied the 

second and third positions with RMSE of 0.8660 and 0.8729, respectively. SlopeOne and NMF showed 

comparable performance in the fourth and fifth positions (RMSE: 0.9070 and 0.9169). Neighborhood-

based methods exhibited moderate performance, with User-KNN (RMSE: 0.9765) outperforming both 

Autoencoder-CF with RMSE of 0.9961 and Item-KNN with RMSE of 0.9988. Content-based filtering 

had the lowest performance with RMSE of 1.0126 and MAE of 0.8035. The 20.7% accuracy 

improvement that was achieved by hybrid method corresponds to a 0.2 point increase on a 1-5 rating 

scale, representing a margin that can perceptibly enhance user experience in real applications. 

 

 
Figure 3. Performance Comparison of Nine Recommendation Methods Based on RMSE and MAE 

Metrics on the MovieLens-1M Dataset 

4.2. Performance Analysis by Category 

Figure 4 presents the analysis by approach category. The hybrid approach achieved the best 

performance with the lowest error (RMSE: 0.6865, MAE: 0.5455), surpassing all evaluated methods. It 

was followed by collaborative filtering (RMSE: 0.9230) and deep learning (RMSE: 0.9961), while 

content-based filtering exhibited the lowest accuracy with an RMSE of 1.0126 and an MAE of 0.8035. 

The performance gap between hybrid and collaborative filtering reached 25.6% for RMSE, while 

collaborative filtering outperformed deep learning by 7.3%. These findings confirm that hybrid 

frameworks successfully synthesize the advantages of different methodologies, resulting in a more 

robust recommendation system. Additionally, with a 25.6% accuracy advantage over collaborative 

filtering, hybrid approaches offer a clear benefit for platforms prioritizing precision, proving that the 

gain in recommendation quality is worth the added technical complexity. 
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Figure 4. Average Performance by Approach Category 

4.3. Alpha Parameter Test 

The relationship between alpha (α) parameter and performance of the hybrid approach across two 

evaluation metrics is illustrated in Figure 5. The experimental results demonstrated a consistent decline 

in RMSE and MAE values as α increased, suggesting that a greater contribution from the collaborative 

filtering component enhances prediction accuracy. The optimal value was obtained at α = 0.9. This 

finding suggests that giving greater weight to collaborative filtering yields the best balance between the 

two approaches in the context of the employed dataset. It also exhibits that while the content-based 

component provides necessary metadata context, the prediction remains heavily reliant on user-item 

interaction patterns. For practitioners, this suggests that hybrid tuning should prioritize collaborative 

signals while using content attributes primarily to refine the final recommendations. 

 

 
Figure 5. Impact of Alpha on the Performance of the Hybrid Approach 

4.4. Cross-Dataset Validation 

Figure 6 presents the performance comparison of six collaborative filtering methods across two 

datasets, MovieLens-100K and MovieLens-1M, to assess method consistency and generalization 

capability. This evaluation was conducted specifically on collaborative filtering approaches to 

investigate how data scale influences performance, providing sufficient representation without requiring 

exhaustive testing of all method categories. The best performance of collaborative filtering method was 

achieved when implemented on MovieLens-1M compared to MovieLens-100K. Based on the RMSE, 

SVD++ achieved the best performance (0.866 for 1M and 0.935 for 100K), closely followed by SVD 

(0.8729 for 1M and 0.935 for 100K), which demonstrated high robustness of matrix factorization-based 

method. SlopeOne occupied the third position, followed by NMF, while User-KNN showed the highest 

error. Item-KNN consistently outperformed User-KNN with a margin of 1–2%. The average 

performance improvement between the two datasets ranged from 6–10%. 
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Figure 6. Performance Comparison of CF on the MovieLens-100K and MovieLens-1M Datasets 

 

A similar pattern emerged in MAE, where MovieLens-1M yielded lower errors across all 

methods. SVD++ and SVD maintained their leading positions with MAE values of 0.9352 for both 1M 

and 100K, while Item-KNN remained the lowest performer. Overall, these findings demonstrate that 

collaborative filtering methods exhibit high reliability and generalize well across varying data scales 

within the same domain [20], [21], [22]. From a practical perspective, this suggests that increasing 

interaction density through larger datasets is a reliable driver of accuracy. Moreover, the stability of 

these rankings confirms that matrix factorization is a robust choice for systems anticipating significant 

data growth. 

4.5. Efficiency Analysis and Accuracy–Training Time Trade-off 

Training time analysis reveals significant variations across methods, ranging from 0.29 seconds 

for content-based to 3,470.73 seconds for SVD++, as shown in Table 3. Matrix factorization methods 

show diverse efficiency levels. SVD demonstrated high efficiency at 16.59 seconds, while SVD++ 

required substantially longer computation time at 3,470.73 seconds due to implicit feedback 

incorporation. The hybrid approach achieved notable efficiency at 10.47 seconds by leveraging pre-

trained SVD components. Neighborhood-based methods exhibited considerable computational 

demands, with User-KNN requiring 122.07 seconds for computing the 6,040×6,040 user similarity 

matrix, while Item-KNN needed only 53.46 seconds for the smaller 3,706×3,706 item matrix. The 

Autoencoder-CF approach required 55.37 seconds, representing moderate computational cost with 

reasonable accuracy trade-offs. Content-based filtering exhibited the highest computational efficiency 

at 0.29 seconds. However, this resulted in the lowest prediction accuracy. This highlights that 

considering both of efficiency and accuracy in a balance becomes crucial when modelling recommender 

techniques. 

 

Table 3. Training Time of Nine Recommendation Methods on MovieLens-1M Dataset 

Algorithm Training_Time_sec Category 

Hybrid 10.47 Hybrid 

SVD 16.59 Collaborative Filtering 

SVD++ 3470.73 Collaborative Filtering 

SlopeOne 25.09 Collaborative Filtering 

NMF 30.34 Collaborative Filtering 

User-KNN 122.07 Collaborative Filtering 

Autoencoder-CF 55.37 Deep Learning 

Item-KNN 53.46 Collaborative Filtering 

Content-Based 0.29 Content-Based 
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Figure 7 shows the accuracy-efficiency trade-off with ideal methods in the bottom-left corner. 

Hybrid (RMSE: 0.6865, 10.47s) and SVD (RMSE: 0.8729, 16.59s) achieve optimal balance within the 

optimal zone. SVD++ delivers competitive accuracy but requires excessive training time (3,470.73s). 

Content-based is fastest (0.29s) but least accurate (1.0126), while neighborhood-based and autoencoder 

methods fall in between. Hybrid and efficient matrix factorization methods offer the best trade-off for 

practical applications. 

5. DISCUSSIONS 

5.1. The Advantage of the Hybrid Approach 

The experimental results demonstrate that the hybrid approach with α=0.9 consistently 

outperforms all other approaches, indicating that hybrid approaches are effective at alleviating the 

weaknesses of certain methods by integrating additional method strengths. While collaborative filtering 

(CF) performs well at capturing latent user-item interactions, it remains vulnerable to sparsity and the 

new-item problem. By integrating content-based features, the hybrid model fills these information gaps. 

These findings align with other literature, that highlights how integrating multiple techniques can offset 

the limitations of single-approach methods. As demonstrated by Sami et al. [1],  integrating 

collaborative filtering, neural collaborative filtering, and content-based filtering yields significant 

improvements in accuracy and relevance. This integration supports a hybrid approach to effectively 

mitigate data sparsity and cold-start issues that often occur with single-approach methods. 

 

 
Figure 7. Accuracy-Training Time Trade-off Analysis 

 

The optimal parameter of α=0.9 in this study's hybrid approach assigns a 90% weight to 

collaborative filtering, and a 10% contribution from the content-based component. This weight 

distribution suggests that, while hybridization is beneficial, the optimal contribution of each component 

varies depending on dataset characteristics. The high alpha value also indicates that while content-based 

metadata provides necessary information, the dense interaction in the MovieLens dataset remains the 

primary driver of predictive accuracy. Specifically, the 10% contribution from content-based filtering 

regularizes predictions for items with fewer ratings, while the 90% collaborative weight ensures the 

system remains highly responsive to nuanced user preferences. This calibrated synergy allows the hybrid 

model to maintain high precision without losing the descriptive context provided by item attributes. 

These findings align with Bauer et al. [23], who demonstrated that combining session-based modeling 

with feature-based methods significantly enhances quality, and Çano and Morisio [3], who identified 

weighted hybridization as a consistently effective strategy in the field. 
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5.2. Solid Performance of Collaborative Filtering Approaches 

Collaborative filtering methods demonstrated solid performance, with SVD++ and SVD leading 

this category. SVD++ achieved marginally better accuracy (RMSE: 0.8660 vs 0.8729) but required 

substantially longer training time (3,470.73s vs 16.59s), a 209-fold increase. This computational burden 

stems from SVD++'s iterative optimization of bias parameters for implicit feedback modeling [15], [24]. 

SVD's efficiency and competitive accuracy make it more practical for large-scale deployments, as it 

provides closed-form solutions without complex iterative processes [16]. 

Cross-dataset validation revealed superior performance on MovieLens-1M despite higher sparsity 

(95.53% vs 93.70% in 100K). This finding can be explained by the richer interaction patterns available 

in larger datasets. The 1M dataset provides approximately 10 times more ratings, enabling better latent 

factor estimation and more robust similarity computations. This aligns with research showing that 

collaborative filtering methods benefit from increased data volume, as the additional observations help 

overcome sparsity through improved pattern recognition and reduced variance in parameter estimates 

[14], [20], [25]. 

SlopeOne and NMF delivered acceptable performance (RMSE < 0.92), with NMF offering more 

interpretable non-negative factors at higher computational cost. Neighborhood-based methods showed 

weaker performance, confirming that memory-based approaches struggle with sparse data [11]. Item-

KNN’s dominance over User-KNN suggests that item similarity tends to be more stable than user-based 

similarity within this setting. 

5.3. Performance Constraints of Pure Content-Based Filtering 

In this study, we found that the content-based approach exhibited the poorest performance with 

RMSE of 1.0126 and MAE of 0.8035, underscoring its limitations in recommendation systems. These 

results align with systematic reviews highlighting that content-based filtering struggles to capture 

complex user preferences not fully represented through item features [5]. A primary weakness is over-

specialization, where the system only recommends items highly similar to users' previous preferences, 

thereby reducing recommendation diversity [6], [7]. Additionally, content-based methods heavily 

depend on item attribute information and users' own historical data, making it difficult to recommend 

new items users have not yet interacted with (cold-start problem) or when item descriptions are 

incomplete [8]. 

The significant gap between content-based and collaborative filtering (approximately 9.7% in 

RMSE) demonstrates that, for MovieLens data, user preferences are more effectively captured through 

behavioral patterns and user-item interactions rather than genre-based features alone. This outcome 

reflects the subjective nature of movie preferences, where genre labels inadequately represent the 

nuanced factors influencing viewing decisions. Domains with more objective or structured item 

attributes may yield different performance characteristics, warranting context-specific evaluation. 

Despite accuracy limitations, the content-based approach excels for its clarity, enabling users to easily 

understand the reason behind the recommendations [26]. 

5.4. Autoencoder: Performance-Extensibility Trade-off  

The moderate performance of autoencoder (RMSE 0.9961, 14% gap from SVD) reflects a 

fundamental trade-off between current accuracy and architectural flexibility. Unlike SVD, which 

operates on fixed user-item matrices, the encoder-decoder architecture supports multimodal data 

integration through parallel encoding branches [27], [28], enabling seamless incorporation of reviews, 

metadata, and temporal signals without architectural redesign. This extensibility advantage stems from 

two key properties: (1) bottleneck learning, where the 64-dimensional latent layer enforces selective 
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feature extraction [29], producing reusable representations for transfer learning [13]; and (2) non-linear 

modeling capability to capture complex patterns inaccessible to linear matrix factorization [12]. 

However, these theoretical advantages remain partially validated in our experiments. The 14% 

accuracy gap can be viewed as an architectural investment justified only when future system 

requirements include cross-domain recommendation, cold-start mitigation, or enhanced explainability 

through heterogeneous data integration [8]. For movie platforms specifically, this extensibility could 

support integration of textual reviews, viewing timestamps, or multi-format content (films, series, 

trailers) without architectural redesign. Such investments become justifiable when multimodal 

requirements materialize, though the cost-benefit calculus depends on specific system evolution plans 

rather than theoretical extensibility alone. For systems prioritizing immediate accuracy with relatively 

homogeneous interaction data, SVD-based collaborative filtering remains the most efficient choice. 

Method selection should therefore consider not only current accuracy but also strategic potential 

for long-term development. Future challenges such as cold-start problems, data sparsity for long-tail 

items, explainability, and fairness require architectures capable of integrating diverse information 

sources, a capability inherent to autoencoders but not fully supported by traditional collaborative 

filtering approaches. 

5.5. Limitations and Future Research Directions 

This study has several areas for further development that present opportunities for future research. 

Despite these limitations, the systematic comparison across nine methods and the identification of 

accuracy-efficiency-extensibility trade-offs provide valuable practical guidance for method selection in 

real-world deployments. First, while the single train-test split (80:20) provides a solid initial evaluation 

baseline, implementing k-fold cross-validation could strengthen result reliability. Second, cross-dataset 

validation focused on MovieLens-1M, whereas additional testing, such as applying autoencoder on 

MovieLens-100K, could enrich understanding of data scale effects on deep learning and collaborative 

filtering performance. Third, hyperparameter exploration was directed toward main configurations, and 

expanding searches across architectural aspects, learning rates, and regularization may reveal optimal 

performance for each compared method. 

For further development, several research directions merit exploration. Evaluation should broaden 

more than accuracy metrics to measure diversity, novelty, coverage, and explainability for more 

comprehensive system assessment. Validation on non-film domains such as e-commerce, music, or 

news is necessary to test method generalization across different data characteristics. Regarding 

architectural development, exploring graph neural networks [30] and large language model-based 

approaches [31] will create innovative cutting-edge recommender systems. Specifically, for 

autoencoders, given their extensibility potential, multimodal feature integration, such as text, images, 

and temporal signals, should be implemented only when proven relevant to system requirements, not 

based on assumptions. Furthermore, more personalized recommendations can be produced by contextual 

hybrid methods that can flexibly adjust recommendation weights according to user context and item 

characteristics. 

6. CONCLUSION 

This study conducted a systematic benchmark of nine recommender system methods 

encompassing collaborative filtering approaches (SVD, SVD++, KNN, NMF, SlopeOne), content-

based, hybrid, and deep learning autoencoder on MovieLens-1M and MovieLens-100K datasets. 

Evaluation results demonstrate that the hybrid method (α=0.9) achieved the best accuracy (RMSE: 

0.6865), followed by SVD++ and SVD (RMSE: 0.8660 and 0.8729), while autoencoder showed 

moderate performance (RMSE: 0.9961) with a 14% gap from SVD. Trade-off analysis revealed three 
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key findings: (1) matrix factorization-based collaborative filtering remains reliable with optimal balance 

between accuracy and efficiency, (2) hybrid approach with CF dominance (α=0.9) confirms that user-

item interaction information is more informative than content features in the movie domain, and (3) 

despite lower accuracy, autoencoder offers strategic architectural advantages in extensibility for 

multimodal feature integration, transfer learning, and adaptation to future recommender system 

challenges such as cold-start mitigation and explainability enhancement. 

The findings provide practical guidance based on empirical insights: (1) for systems prioritizing 

maximum accuracy in domains with dense user-item interactions, hybrid (α=0.9) or SVD/SVD++ is 

recommended, (2) for rapid prototyping or resource-constrained deployments, SVD offers optimal 

balance between accuracy and efficiency, (3) for systems requiring multimodal data integration or facing 

severe cold-start problems, autoencoder provides architectural flexibility despite a 14% accuracy 

reduction that remains within acceptable bounds. These insights facilitate contextual decision-making 

in method selection based on domain characteristics and system priorities. Opportunities for further 

research include enhancing hybrid models with deep learning techniques to further capture complex 

non-linear user-item interactions. Validating their performance across varied datasets, such as e-

commerce and music platforms, would broaden the practical applicability of the proposed selection 

framework across different industries. 
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