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Abstract 

Sparsity data is a major challenge in collaborative recommendation systems, characterized by the predominance of missing values within the 

user-item matrix. When a substantial portion of data is unavailable, the estimation process becomes hindered, and prediction accuracy declines 

due to limited usable information. To address this issue, this study introduces a novel method called SiMoI (Similarity, Mode, and Minimum 

Imputation), which is adaptively designed to handle high levels of sparsity. The SiMoI method combines user similarity with imputation strategies 

based on mode and minimum values. By leveraging subsets of the most informative users and items, the method efficiently fills missing entries 

while maintaining prediction stability. Evaluation was conducted using both real and synthetic datasets with varying sizes and degrees of sparsity, 

including an extreme scenario with 93.7% missing data. Experimental results show that SiMoI consistently produces more accurate predictions 

than baseline methods. Under high-sparsity conditions, SiMoI achieved an RMSE as low as 0.823, outperforming KNNI (0.947) and MEAN 

(1.021). Moreover, SiMoI demonstrated resilience across different data scales and sparsity distributions, indicating its flexibility and scalability 

in diverse contexts. These findings suggest that SiMoI is an effective and stable approach for addressing sparsity and holds strong potential for 

implementation in user-based recommendation systems, particularly in real-world scenarios where data availability is frequently limited. 
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1. Introduction 

Recommendation systems are widely used in various fields to improve the quality of personal services, such as E-

Learning, E-Government, E-Business, E-Library, E-Tourism, and E-Commerce [1], [2]. For organizations, 

information-based services play a vital role in supporting operations and enhancing the quality of user interactions. 

Therefore, the implementation of recommendation systems has become one of the main strategies, as they are capable 

of delivering information that is relevant to user interests and preferences, thereby optimizing service effectiveness [1]. 

The methods that have been widely used include content-based filtering [3], [4], demographic [5], [6], collaborative 

[7], [8], and hybrid [9], [10], [11]. 

Collaborative Filtering (CF) functions by analyzing rating data patterns to make predictions [12] and produce quality 

recommendations. However, this method faces significant problems with cold start [13], sparsity [14], and scalability 

[15], [16]. Sparsity is a condition of data scarcity caused by the fact that most users do not provide ratings for products. 

For example, the MovieLens 100K dataset has a sparsity level of 93.7%, meaning that only 6.3% (100,000 ratings) 

were provided by 943 users for 1,682 movies. The resulting matrix contains very few values, with most of its elements 

remaining empty. This condition leads to low similarity values and the inability of the system to generate accurate 

recommendations [17]. 

Sparsity causes incomplete information, making the prediction results less accurate or biased. Additionally, it causes 

difficulty for system to understand user preferences, affecting the quality of the recommendations, user satisfaction, 

and trust in the system. To address this problem, previous research had been carried out such as Ahmadian et al. [14] 

proposed RSTRC (Recommender System based on Temporal Reliability and Confidence), a recommendation system 

that leverages temporal reliability and rating confidence to dynamically update user preferences, thereby producing 
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more accurate and reliable recommendation.  Satvika et al. [18] enhanced the performance of the K Nearest Neighbor 

(KNN) algorithm using the PFI (Permutation-based Feature Importance) method to forecast students' on-time 

graduation. The evaluation results showed that the integration of PFI could enhance the performance of the KNN model 

with better accuracy results. Therefore, this research aimed to propose a new SiMoI (Similarity, Mode, and Min 

Imputation) method to solve the sparsity problem. Imputation was performed on empty data (NaN) by incorporating 

the Euclidean Distance method to gauge similarity, mode, and mean functions. The results were in the form of values 

used for imputation, and the SiMoI method showed the potential to improve data quality to determine user preferences 

as well as produce more accurate recommendations. 

2. Literature Review 

2.1. K Nearest Neighbors Imputation (KNNI) 

KNNI is a popular method used for solving missing value problems [19]. When there are many missing values, the 

data matrix will become sparse or sparsity. KNNI is a variant of the KNN method; therefore, it uses the basic concept 

of KNN by calculating the closest distance between data containing missing values in the test data and complete data 

in the training data. For data containing missing values, the process is not carried out in the distance calculation [20]. 

Generally, the imputation of missing values using KNNI consists of six stages. The first stage is to determine the value 

of "K", as the number of closest observations to be used. The second stage is to calculate the distance between 

observations with missing values on variable j and those without missing values on the corresponding variables, using 

Euclidean distance, as expressed in Equation 1. 

𝑑(𝑥𝑖 , 𝑥𝑗) = √∑ (𝑥𝑖𝑘 − 𝑥𝑗𝑘)2𝑛
𝑘=1      (1) 

𝑑(𝑥𝑖 , 𝑥𝑗)= distance from i to cluster center j, 𝑥𝑖= training data and 𝑥𝑗= test data, while for n= number of attributes and 

k = attribute, 𝑥𝑖𝑘= data i on attribute k, and 𝑥𝑗𝑘= data j on attribute k. The third stage is to find the K shortest 

observations by determining the smallest distance value, which is used for imputation. In the fourth stage, the weight 

for all k shortest observations is calculated, where the closest receives the highest score. The fifth stage is to calculate 

mean value of the k shortest observations without missing values using Equation 2. 

𝑋𝑗 =
1

𝑘
∑ 𝑉𝑘𝑗

𝑘
𝑘=1       (2) 

𝑋𝑗= weighted mean, where 𝑉𝑘𝑗= value in complete data on variables without missing values, based on k as the closest 

observation. The sixth stage is to carry out the imputation process on observations with missing values using mean data 

obtained in the fifth stage.  

2.2. MEAN imputation  

Mean imputation method is often used to solve missing values [21]. This method applies mean gained from the values 

in the same column to complete the missing values [22]. The process is carried out by avoiding data loss and 

maintaining the size of the entire dataset using Equation 3. 

𝑀𝑒𝑎𝑛 =
∑ 𝑥𝑖

𝑁
𝑖=1

𝑁
      (3) 

N is the number of existing values (excluding missing values), while xi is the existing values. 

3. Methodology 

3.1.Similarity, Mode, and Min Imputation (SiMoI) 

SiMoI is a new method offered to overcome the sparsity problem by incorporating similarity, mode, and min for 

imputation of missing values. The stages in the SiMoI method start with reading the dataset of a matrix (user x movie), 

followed by sorting the movie data based on the number of ratings in descending order and taking Top-M (100movies). 

This is continued by calculating the similarity between users through Euclidean Distance, with the provision that users 

as the initial state have the most ratings. After calculating Euclidean Distance, sorting is carried out in ascending order 

and takes Top-U (100users). The results of Top-U and Top-M formed a matrix, namely 100userx100movie. The 
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imputation process in the SiMoI method is governed by three conditions. First, if a column contains a single mode (i.e., 

the rating value with the highest frequency), that value is used to replace missing entries. Second, if multiple modes 

occur with equal frequency, the smallest rating among them is selected. Third, if a column consists entirely of missing 

or zero values, all entries are replaced with a default value of 1. The resulting imputed matrix serves as a reference for 

subsequent iterations until all missing values in the main matrix are filled. The use of mode and min functions is 

context-dependent: mode is applied as the primary strategy, while min is used only to resolve ties between multiple 

modes. 

Pseudocode of the SiMoI method 

1. Data loading and initialization 

𝑅 ← 𝐿𝑂𝐴𝐷(𝐷𝑎𝑡𝑎𝐹𝑟𝑎𝑚𝑒) 

2. Calculate the number of ratings per movie. 

For each movie 𝑚𝑗 ∈ 𝑀, count the number of users who provided a valid rating. 

𝑐𝑗 = ∑ 𝐼(𝑟𝑢𝑖,𝑚𝑗
≠ 𝑁𝑎𝑁)

𝑢𝑖∈𝑈

 

Using I(.) as the indicator function. 

Then, sort the movies based on 𝑐𝑗 in descending order 

𝑀𝑠𝑜𝑟𝑡𝑒𝑑 = 𝑠𝑜𝑟𝑡(𝑀, 𝑐𝑗 , 𝑑𝑒𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔) 

3. Select the top movies (in this case, 100) 

Retrieve the 100 movies with the highest number of ratings. 

𝑀100 = {𝑚1, 𝑚2, … , 𝑚100} ⊂ 𝑀𝑠𝑜𝑟𝑡𝑒𝑑 

4. Compute user similarity 

For each pair of users (𝑢𝑖, 𝑢𝑗): 

a. Select the reference user with the highest number of ratings: 

𝑢𝑟𝑒𝑓 = arg 𝑚𝑎𝑥𝑢∈{𝑢𝑖,𝑢𝑗} ∑ 𝐼(𝑟𝑢,𝑚 ≠ 𝑁𝑎𝑁)

𝑚

 

b. Compute the Euclidean distance based on the top 100 movies. 

𝑑(𝑢𝑖 , 𝑢𝑗) = √ ∑ (𝑟𝑢𝑖,𝑚
− 𝑟𝑢𝑗,

𝑚)2

𝑚∈𝑀100

 

(Only non-NaN elements are included in the computation) 

c. Sort users based on 𝑑(𝑢𝑖 , 𝑢𝑗)  in ascending order. 

d. Select the 100 nearest users for each user." 

𝑈100(𝑢𝑖) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑢𝑗∈𝑈,𝑗≠𝑖
100 𝑑(𝑢𝑖 , 𝑢𝑗) 

5. Construct a 100×100 submatrix 

Form the submatrix S consisting of the 100 nearest users and the top 100 movies: 

𝑆 = [𝑟𝑢,𝑚]u∈ 𝑈100,𝑚 ∈ 𝑀100 

 

6. Missing value imputation 

For each column 𝑚𝑗 in the submatrix S: 

a. Extract valid values (non-NaN and non-zero): 

𝑉𝑚𝑗
= {𝑟𝑢,𝑚𝑗

|𝑟𝑢,𝑚𝑗
≠ 𝑁𝑎𝑁, 𝑟𝑢,𝑚𝑗

≠ 0} 

 

b. Count the frequency of each rating value: 

𝑓𝑟 = | {𝑢 ∈ 𝑈100|𝑟𝑢,𝑚𝑗
= 𝑟} | 

For each r ∈ {1,2,3,4,5} 

 

c. Determine the mode value and handle special conditions: 

𝑀𝑚𝑜𝑑𝑒 = {𝑟|𝑓𝑟 = max (𝑓1, 𝑓2, 𝑓3, 𝑓4, 𝑓5)} 

The replacement value is determined as follows: 

𝑟̂𝑚𝑗
= {

1,                            𝑖𝑓 |𝑉𝑚𝑗
| = 0

min(𝑀𝑚𝑜𝑑𝑒),  𝑖𝑓|𝑀𝑚𝑜𝑑𝑒| > 1

𝑀𝑚𝑜𝑑𝑒[1],        𝑖𝑓|𝑀𝑚𝑜𝑑𝑒| = 1

 

 

d. Replace missing values with the designated replacement value: 
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𝑟𝑢,𝑚𝑗
∗ = {

𝑟𝑢,𝑚𝑗
,    𝑖𝑓𝑟𝑢,𝑚𝑗

≠ 𝑁𝑎𝑁

𝑟̂𝑚𝑗
, 𝑖𝑓𝑟𝑢,𝑚𝑗

= 𝑁𝑎𝑁
 

After all columns have been imputed, the resulting matrix is: 

𝑆∗ = [𝑟𝑢,𝑚𝑗
∗ ]𝑈100𝑥𝑀100 

7. Update the main matrix 

Insert the imputed values into the main matrix: 

𝑅[𝑢, 𝑚] = {
𝑆 ∗ [𝑢, 𝑚], 𝑖𝑓 (𝑢, 𝑚) ∈ 𝑈100𝑥𝑀100

𝑅[𝑢, 𝑚],                                         𝑜𝑡ℎ𝑒𝑟𝑠 
 

8. Iterate until no missing values remain 

The process (Steps 2–7) is repeated until all elements in matrix R are filled. 

𝑤ℎ𝑖𝑙𝑒 ∃(𝑢, 𝑚): 𝑟𝑢,𝑚 = 𝑁𝑎𝑁 ⟹ 𝑅𝑒𝑝𝑒𝑎𝑡 𝑠𝑡𝑒𝑝𝑠 2 𝑡𝑜 7. 
The final result is a complete matrix 

𝑅∗ = 𝑅 

Output  

𝑅∗ = [𝑟𝑢,𝑚
∗ ]𝑈𝑥𝑀 

It is a fully imputed rating matrix with no missing values. 

SiMoI (Similarity, Mode, and Min Imputation) offers a mathematically grounded approach for addressing extreme 

sparsity in user rating data, such as the MovieLens 100K dataset, which contains 97.3% missing entries. By utilizing a 

dense 100×100 submatrix as the model’s core, SiMoI integrates four key principles: selecting users with similar rating 

patterns based on Euclidean distance, imputing missing values using the most frequent rating (mode) to reduce extreme 

bias, applying a three-layer condition to ensure that even fully empty columns can be imputed, and performing iterative, 

partial updates to maintain computational efficiency and minimize noise from infrequent user–item interactions. The 

result is a fully populated rating matrix that is both stable and representative, capable of propagating learned behavioral 

patterns across the entire dataset in a gradual and efficient manner. 

In the pseudocode, 100 users and 100 movies were selected based on a top-N strategy, where entities with the highest 

number of ratings were prioritized. This selection aims to construct a dense and representative User-Movie matrix that 

serves as a reliable reference for the imputation process. By focusing on the most active users and movies, the matrix 

contains sufficient rating density to support robust evaluation and method development. The value of 100 is adjustable 

and may be modified according to analytical objectives or computational constraints. 

This research used the MovieLens 100K dataset, accessed from https://grouplens.org/datasets/movielens/100k/. It 

contains 100,000 ratings from 943 users on 1,682 movies, with each user having rated at least 20 movies. Ratings are 

given on a scale from 1 to 5 [8], [23]. However, this dataset contained a sparsity of 93.7% as calculated using Equation 

4. 

𝑆𝑝𝑎𝑟𝑠𝑖𝑡𝑦 = 1 −
𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑟𝑎𝑡𝑖𝑛𝑔𝑠 
     (4) 

The total existing ratings is 100,000, while the total possible ratings are 943 users x 1682 movies  

𝑆𝑝𝑎𝑟𝑠𝑖𝑡𝑦 = 1 − 
100.000

943 𝑥 1682
= 1 −  0,063 = 0,937 𝑜𝑟 93,7% 

The occurrence of sparsity due to several missing data can be overcome with two strategies, namely ignoring missing 

value and imputation missing value. The first strategy is generally performed by eliminating cases that contain missing 

data causing a significant impact on the size of dataset. This strategy will be appropriate when applied to data with few 

missing values. Meanwhile, data with high sparsity values can be overcome using the second strategy, namely 

imputation missing value [24].  

This research performed missing value imputation using a new method, namely SiMoI. The method is compared with 

K Nearest Neighbor Imputation (KNNI) and the MEAN function which is widely used to overcome sparsity problem, 

by observing the evaluation results using Root Mean Squared Error (RMSE).  

Figure 1 the flowchart illustrates the stages of the research process, starting from data preparation to the analysis of 

evaluation results. The process begins with the Start stage, followed by Dataset Setup, which involves preparing the 

data used in the experiment. At this stage, the study utilizes the MovieLens dataset with a size of 943 users × 1682 
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Dataset Setup      

MovieLens 943×1682     

Synthetic:800×800,700×700,500×500 

Sparsity Conditions    

Original: 93.7%          

No sparsity info         

High sparsity: 80%       

Low sparsity: 20% 

Imputation Methods     

SiMoI, KNNI, MEAN                  

Result Comparison     

Analyze RMSE values     

Compare method accuracy

Evaluation Metric     

RMSE (Root Mean Square Error)

Start

End

movies, as well as several synthetic datasets with sizes of 800×800, 700×700, and 500×500. The synthetic datasets are 

used to test the performance of the proposed method under different data conditions, both in terms of dataset size and 

data density. The next stage is Sparsity Conditions, which functions to set the level of data sparsity or the percentage 

of missing values in the dataset. The sparsity conditions include the original data with 93.7% sparsity, high sparsity 

(80%), low sparsity (20%), and a condition with no sparsity information. This setup aims to determine how effectively 

each imputation method can perform under various levels of data sparsity. Subsequently, in the Imputation Methods 

stage, the missing values are filled using three different approaches: SiMoI, KNNI (K-Nearest Neighbor Imputation), 

and MEAN. The SiMoI method is a newly proposed approach in this study, while KNNI and MEAN serve as 

comparative baselines. This stage aims to evaluate the ability of each method to accurately estimate the missing rating 

values. After the imputation process, the Evaluation Metric stage is conducted to assess the imputation results using 

the RMSE (Root Mean Square Error) metric. The RMSE value measures the magnitude of error between the predicted 

and actual values, where a smaller RMSE indicates better imputation performance. The final stage is Result 

Comparison, which involves analyzing and comparing the results. In this stage, the RMSE values of each method are 

analyzed to determine which method provides the most accurate results in handling data sparsity. The process 

concludes with the End stage, marking the completion of the entire experimental procedure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Experimental Workflow for Matrix Imputation and RMSE Evaluation 

3.2.Root Mean Squared Error (RMSE) 

Use either SI (MKS) or CGS as primary units. (SI units are encouraged.) English units may be used as secondary units 

(in parentheses). An exception would be the use of English units as identifiers in trade, such as “3.5-inch disk drive.” 

RMSE is used to evaluate the effectiveness of imputation model in predicting missing values. It is a statistical measure 

that calculates the magnitude of deviation between predicted and actual values, as expressed in Equation 5 [23]. 

𝑅𝑀𝑆𝐸 = √
1

|𝐸|
∑ |𝑃𝑢𝑡,𝑖 − 𝑟𝑢𝑖|

|𝐸|
𝑖=1      (5) 
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The original rating given by users for an item is denoted by 𝑟𝑢𝑖. The projected rating of user for the same item is denoted 

by 𝑃𝑢𝑡,𝑖, while the size of the test set is represented by |𝐸|. 

4. Results and Discussion 

This research was conducted with three scenarios (figure 1), namely the first scenario using a full-sized dataset of 943 

users × 1682 movies with a sparsity condition of 93.7%. The second scenario uses data with different sizes and without 

considering the spatial conditions. Continued with the third scenario using data with different sizes of 800 users × 800 

movies, 700 users × 700 movies, and 500 users × 500 movies. The datasets were taken randomly and conditioned at a 

sparsity level of 80% and 20%. Furthermore, eaFch dataset was imputed using three methods, namely SiMoI 

(Similarity, Mode, and Mean Imputation), KNNI (K-Nearest Neighbor Imputation), and the column average method 

(MEAN). Evaluation was carried out using the RMSE (Root Mean Square Error) metric. The RMSE calculation follows 

the formulation presented in Equation 5, which quantifies the average squared difference between predicted and actual 

values. The evaluation results for the first scenario are shown in figure 2, while for the second and third scenarios, the 

evaluation results can be seen in figure 3, figure 4, figure 5. 

 

Figure 2. RMSE Evaluation Results on Imputation Method with Dataset 943x1682 with Sparsity 93.7% 

Initial experiments were conducted on a full dataset of 943 users × 1682 movies and a sparsity level of 93.7%. Based 

on the RMSE evaluation results in figure 2, the SiMoI method showed the best performance with an RMSE value of 

2.200, lower than KNNI (3.106) and MEAN (3.065). This indicates that the SiMoI method is more effective in handling 

very sparse data conditions (extreme sparsity) in large dataset sizes. 

Figure 3 shows the results of the RMSE evaluation of the three methods, SiMoI, KNNI, and MEAN, on data conditions 

of various sizes, namely 800 users × 800 films, 700 users × 700 films, and 500 users × 500 films, in the SiMoI method, 

with RMSE values respectively: 2.984, 3.045, and 3.040. The KNNI method with RMSE values , respectively, namely 

3.321, 3.349, and 3.252. The MEAN method with RMSE values , respectively, namely 3.501, 3.528, and 3.383. The 

average RMSE value for the SiMoI method is 3.023, which is lower than that of KNNI (3.307) and MEAN (3.471). 

The average RMSE difference between SiMoI and KNNI is 0.284, reflecting an accuracy improvement of 

approximately 8.6%, while the difference between SiMoI and MEAN is 0.448, indicating an improvement of around 

12.9%. The RMSE values for SiMoI remain relatively stable across different data sizes, with a maximum variation of 

only 0.061, suggesting consistent performance despite changes in matrix scale. 
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Figure 3. RMSE Evaluation Results on Imputation Methods with Different Matrix Sizes 

In contrast, the KNNI and MEAN methods exhibit greater RMSE fluctuations. Specifically, MEAN shows a maximum 

variation of 0.145, indicating reduced stability on smaller data sizes. Overall, the SiMoI method demonstrates 

quantitatively superior and more stable performance compared to KNNI and MEAN under varying data conditions. 

The consistent reduction in RMSE values suggests that SiMoI is more adaptive to changes in data scale, making it a 

more reliable method for addressing high-sparsity scenarios. 

Figure 4 presents the evaluation results on datasets of various sizes, each with a sparsity level of 80%. The data 

conditions include matrix sizes of 800 users × 800 movies, 700 users × 700 movies, and 500 users × 500 movies. The 

SiMoI method shows RMSE values of 2.819, 2.937, and 2.875, respectively. The KNNI method has RMSE values of 

2.943, 2.974, and 2.863, respectively, while the MEAN method has RMSE values of 3.211, 3.244, and 3.041. SiMoI 

has an average RMSE of 2.877, which is lower than KNNI (2.927) and MEAN (3.165). The decrease in RMSE for 

SiMoI indicates consistent performance across varying data sizes. Although KNNI shows a slightly lower RMSE at 

the 500×500 matrix size (2.863 vs. 2.875), SiMoI remains superior in terms of overall average and stability. The 

average RMSE difference between SiMoI and MEAN reaches 0.288, reflecting an accuracy improvement of 

approximately ±9.1% compared to the MEAN method. SiMoI demonstrates quantitatively better and more consistent 

performance under high-sparsity conditions. 

 

Figure 4. RMSE Evaluation Results on Imputation Method with Different Matrix Sizes and 80% Sparsity 
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Figure 5 displays the results evaluation of the SiMoI, KNNI, and MEAN methods was conducted on datasets with low 

sparsity (20%) and varying matrix sizes: 800×800, 700×700, and 500×500. The SiMoI method has RMSE values of 

1.467, 1.468, and 1.369, respectively. The RMSE values for the KNNI method are 1.421, 1.426, and 1.294, 

respectively. Meanwhile, the MEAN method has RMSE values of 1.489, 1.493, and 1.374, respectively. All methods 

showed a decrease in RMSE values, indicating improved accuracy under dense data conditions. The average RMSE 

values for each method were 1.380 for KNNI, 1.435 for SiMoI, and 1.452 for MEAN. 

 

Figure 5. RMSE Evaluation Results on Imputation Method with Different Matrix Sizes and 20% Sparsity 

The average RMSE difference between KNNI and SiMoI was 0.055, reflecting an accuracy improvement of 

approximately 3.8%, while the difference between KNNI and MEAN was 0.072, indicating an improvement of around 

5.0%. SiMoI remained competitive, with a 0.017 difference compared to MEAN, or about 1.2% higher in accuracy. 

In terms of stability, SiMoI exhibited smaller RMSE fluctuations (maximum difference of 0.099) compared to MEAN 

(0.119), suggesting more consistent performance across different matrix sizes. Overall, KNNI proved to be the most 

optimal method under dense data conditions, while SiMoI maintained stable and adaptive performance, particularly in 

higher sparsity scenarios. 

KNNI’s superior performance under low sparsity is attributed to the availability of more complete data, which enables 

more accurate neighbor identification. In contrast, SiMoI, designed to handle high sparsity, was less optimal under 

dense conditions. This implies that further development of SiMoI should consider adaptive strategies, such as 

integrating neighbor-based techniques or adjusting component weights, to remain competitive across varying levels of 

sparsity. 

Based on the quantitative evaluation results presented in figure 2, figure 3, figure 4, figure 5, the performance of 

imputation methods is strongly influenced by the level of sparsity and the size of the dataset. Under extreme sparsity 

conditions (93.7%), the SiMoI method demonstrated the best performance, achieving the lowest RMSE value (2.200), 

outperforming KNNI (3.106) and MEAN (3.065). This indicates that SiMoI is more effective in handling highly sparse 

data within large-scale datasets. 

At moderate sparsity (80%), SiMoI maintained consistent performance, with stable and competitive RMSE values 

compared to KNNI and MEAN. In contrast, under low sparsity conditions (20%), KNNI achieved the lowest average 

RMSE (1.380), followed by SiMoI (1.435) and MEAN (1.452). The RMSE difference between KNNI and SiMoI 

(0.055) reflects an accuracy improvement of approximately 3.8%, while the difference between KNNI and MEAN 

(0.072) indicates an improvement of around 5.0%. Although SiMoI was not the top performer in dense data conditions, 

it remained competitive, with a 0.017 advantage over MEAN, or about 1.2% higher in accuracy. 
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In terms of stability, SiMoI exhibited smaller RMSE fluctuations (maximum difference of 0.099) compared to MEAN 

(0.119), indicating consistent performance across varying matrix sizes. KNNI’s superior performance under low 

sparsity is attributed to the availability of more complete data, which enables more accurate neighbor identification. 

Conversely, SiMoI, designed to address high sparsity, was less optimal in dense data scenarios. 

These findings suggest that the selection of imputation methods should be aligned with the characteristics of sparsity 

and dataset scale. To enhance SiMoI’s flexibility, future development may consider adaptive strategies, such as 

integrating neighbor-based techniques or adjusting component weights, to ensure competitiveness across diverse data 

conditions.  

5. Discussion 

The primary objective of this study is to address the problem of sparsity, a condition in which the majority of values 

within a data matrix are missing—an issue commonly encountered in collaborative recommendation systems. High 

levels of sparsity can hinder the prediction process due to the limited information available for identifying patterns or 

similarities among users. Therefore, this research is specifically designed to evaluate the effectiveness of imputation 

methods in filling missing values across varying levels of sparsity and dataset scales.  

Experimental results demonstrate that the SiMoI method consistently delivers the best performance under high-sparsity 

conditions, including extreme scenarios where the proportion of missing values reaches 93.7%. In such cases, other 

methods such as KNNI and MEAN experience significant drops in accuracy, whereas SiMoI remains capable of 

producing predictions with low and stable RMSE values. This indicates that SiMoI successfully addresses the core 

challenge of the study, developing an imputation approach that remains effective even when available information is 

severely limited. 

The strength of SiMoI lies in its mechanism, which not only relies on user similarity but also incorporates mode and 

minimum values as adaptive imputation strategies suited to sparsely populated data structures. This approach enables 

SiMoI to function optimally even when neighbor-based methods like KNNI lose effectiveness due to insufficient 

comparative data. 

In conclusion, SiMoI proves to be superior not only in terms of quantitative accuracy but also conceptually, by fulfilling 

the central aim of the research: providing a reliable and stable solution to the sparsity problem in user-based 

recommendation systems. These findings reinforce SiMoI’s position as a relevant and promising method for real-world 

applications that frequently face data limitations. 

6. Conclusion 

One of the most significant challenges in developing collaborative recommendation systems is addressing the issue of 

sparsity, a condition in which the majority of values within the data matrix are missing. Extreme sparsity can severely 

hinder the estimation process and reduce prediction accuracy, particularly when the available information is insufficient 

to identify meaningful patterns or user similarities. This problem serves as the central focus of the present study, which 

aims to evaluate and develop an imputation approach capable of performing effectively across varying levels of data 

sparsity and dataset scales. 

Through a series of systematic experiments, the SiMoI method demonstrated superior and consistent performance, 

especially under high-sparsity conditions. SiMoI was able to produce predictions with low and stable error rates, even 

in extreme scenarios where the proportion of missing data reached 93.7%. This advantage is not only quantitative but 

also conceptual, as SiMoI is designed with an adaptive mechanism that combines user similarity with imputation 

strategies based on mode and minimum values. This structure enables SiMoI to remain effective even when the 

available information is severely limited. 

In summary, the SiMoI method successfully addresses the primary objective of this research by providing a reliable 

and stable solution to the sparsity problem in user-based recommendation systems. These findings reinforce SiMoI’s 

position as a relevant and promising method for real-world applications, particularly in environments that frequently 

encounter data limitations. 
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