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Abstract—Collaborative Filtering is an method used to build a recommendation system with the concept that conclusions from
different clients are used to anticipate things that may be of interest to users. This research uses data from Rent the Runway and
the method used is Item-based Collaborative filtering, where the system will look for similarities in products that have been
purchased by customers and then look for predictive values. Fashion requires recommendations because it plays a crucial role in
helping individuals express their identity, personal style, and personality through clothing choices, accessories, and dressing
styles.The recommendation system uses the item method based on analyzing the number of purchases or sales and grouping
according to each product category so that it can help consumers in choosing fashion products. It was found that the use of
Adjusted Cosine Similarity produces better recommendations with an average MAE value of 0.2750, while Cosine Similarity
with an average MAE difference of 0.3989. This proves that the use of adjusted cosine similarity can produce better
recommendations because the adjustment algorithm not only considers user behavior, but also produces lower performance
errors.
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1. INTRODUCTION

The existence of internet can provide many changes in various fields, one of which is in the world of fashion.
Shopping for clothes online will make it easier for consumers to save time and energy. shopping online still requires
consideration in the form of suggestions for reviews and ratings from several consumers who have bought the
product to determine the quality of the product and its suitability for a person[1], [2]. The wide array of fashion
choices often poses a challenge in discovering the perfect ensemble. An ingenious solution lies in recommender
systems, which employ Collaborative Filtering to forecast ideal item selections, such as book recommendations.
Expanding its application, a collaborative filtering-based recommendation system employing the Item-based
approach can also be leveraged to suggest a vibrant community for the youth in Semarang city. Notably,
recommendation systems encompass various methodologies, including Content-based Filtering, Hybrid Filtering,
and Cooperative Filtering[3], [4].

Based on the problem above, a system is needed that can help in decision making. Collaborative sifting is one
of the strategies used to build a recommendation system with the concept that assessments from different clients are
used to anticipate things that may be of interest to a user. The CF recommendation system method used by the
author in the construction of this system is Item-based CF[5], [6]. This approach relies on the resemblance between
items, utilizing user-provided ratings. The quest for item similarity is accomplished through the utilization of
adjusted cosine similarity. This technique finds its application in recommendation systems, assessing the likeness
between two items based on user preferences. While akin to Cosine Similarity, it incorporates modifications tailored
specifically for recommendation systems, enhancing its suitability[7], [8]. The collaborative filtering (CF) approach
offers distinct advantages, allowing active users to receive suggestions based on items that were purchased and
positively rated by users with similar interests[9], [10]. By leveraging previous ratings from engaged users, a model
is constructed to propose a fresh array of comparable products, leveraging transaction history.

Previous research utilizing the method of Item-Based Collaborative Filtering was conducted by Ritdrix in
2018. This research contains the development of a recommendation system at the Library. This research uses the
method of collaborative item-based filtering, where the system will look for similarities in the model of borrowing
books with others[11]. The system test results reach a value of 95.68% so that it can prove that the system has
fulfilled the functionality and in accordance with the needs[12].

Research by Gunawan Using the Thing Based Cooperative Sifting Strategy Based on the Adapted Cosine
Method to recommend products in 2022. In this recommendation system made utilizing the method of collaborative
filtering items based on the investigation into the number of purchases or the number of sales and grouped according
to each product category so that it can help consumers in choosing clothes [10]. This system aims to predict
information that is of interest to consumers based on the similarity of items that have been purchased by these
consumers [10].

Research conducted by Rizki who recommended Youth Communities in Semarang City utilizing the method
of collaboration with the for item-based filtering algorithm for adjusting cosine in 2018. This journal contributes to
the creation of a system of recommendations for youth communities in the city of Semarang using the Thing Based
Cooperative Separating approach and the Cosine Adjusted method. This method can assist youth in finding
communities that match their interests and preferences[15], [16].
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Based on the research above, in this study, a The collaborative filtering technique is used, especially with
item-based on the recommendation system to be developed. This system will display product recommendations,
especially fashion.

2. RESEARCH METHODOLOGY
2.1 Research Stages

The system is built on the Google Collaboratory platform utilizing the programming language Python with the
following system flow. The first step is to prepare a dataset containing user, item, and rating information. After the
dataset is ready, the dataset checking process is carried out to ensure consistent and clean data, the dataset is
imported into the platform using Python[17], [18]. After that, the dataset is broken up into subsets of data for testing
and training to calculate the average rating for each item in the dataset. Average rating is calculated and then
similarity between items and ratings on similar items are calculated. The final recommendation result is given based
on the item with the highest predicted rating.

{ Start }—» Prepare Dataset

v

Pre-processin >
P g Import Dataset
Calculates Total and Split Dataset

awerage rating

Find the value of ) _
similarity between | —| Lookngforthe | | Recommendation End
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Figure 1. Collaborative Filtering Recommendation System Design

Figure 1 is a technical description of the procedure design. The following is an overview of the System Flow

that will be built in plain view. Can be seen in Figure 1 there are several processes. Here are the process steps :

a. Prepare Dataset
The first thing to do is to prepare a dataset that has not been processed. In this study, the dataset was taken from
an online shop called Rent the Runway.

b. Pre-processing
Pre-processing entails undertaking data cleansing, transformation, and organization tasks to ensure optimal data
quality and readiness for subsequent analysis. In the cleansing phase, any rows containing empty values are
removed. Next, in the transformation step, the rating values are adjusted from a 1-10 scale to a 1-5 scale. The
original dataset featured ratings ranging from 1 to 10, with an increment of 2. To simplify calculations, these
ratings are transformed to a 1-5 range, mirroring the notation of 1, 2, 3, 4, and 5. Lastly, during the organization
phase, key metrics such as the number of users, items, and unique ratings in the dataset are counted.
Additionally, the Rating, User_id, and Item_id columns are separated, as these columns exclusively contribute to
the subsequent processes at hand.

c. Split Dataset
Furthermore, in the data separation process, we separate the test data and training data for the evaluation process

d. Find the value of similarity between items
In this process, we will look for similarity values between items using the Adjusted Cosine Similarity formula.
The output of this process produces a pivot table containing the adjusted cosine similarity values

e. Looking for predicted value
In the pursuit of predicting the value for an item where the user's preference remains unknown, the initial stride
involves identifying the items that bear the closest resemblance to the aforementioned item, drawing upon the
precomputed similarity measures. The prediction of user preference values for these uncharted items can be
obtained through the summation of the average user preference alongside the previously computed average
weight.

f. Recommendation Result
After the predicted value is obtained, the system can provide item recommendations by selecting the item with
the highest predicted value.

2.2 Data Entry Process
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The input data in the system is data in the form of rating values chosen by customers on the system in the form of
values from 1-5 with good to less good information.

Table 1. Example of Rating Data Given by the users to the items

User A B C D
Ul 3 5 3 -
u2 1 - 2 -
U3 4 2 4 2
U4 - 5 4 2

Table 1 is an example of data input on a system where each user gives a rating of the product. Suppose there
are 4 products, namely (A, B, C, and D) and 4 users/customers (U1, U2, U3, U4). After purchasing the product, U1l
gave a rating to the goods he bought with a product value of A =3, B =5 and C = 3, while product D was not given
a rating value. U2 gives values to products, namely A =1and C = 2, for U3 products A=4,B=2,C=4and D =2,
for U4 products A =5, C = 4 and D = 2. Next, the process of calculating the average rating value will be carried
out[19], [20].

R — a+b+c (1)
KT R
Where:
Ry = Rating average value.
a,b,c  =Rating products a, b, c.
R = Number of rated products.

After the product value is calculated, the average rating value for K1 is 3.6667. Likewise the calculations for
K2, K3 and K4 are also the same as K1. Giving this value is based on satisfaction between consumers, after
everything is calculated it will be displayed in a Table 2.

Table 2. User Average Rating

User A B C D Average Rating
U1 3 5 3 - 3,6667
u2 1 - 2 1,5
U3 4 2 4 2 3
U4 - 5 4 2 3,6667

2.3 Similarity Value

The method used in this study to find the similarity value between items is Adjusted Cosine Similarity [21]. This
method is used to find the similarity of users who give different and very striking ratings. For example, if an item is
given a rating scale from 1 to 5, some users may give a rating of 5 to some items that they like considering the item
is not too bad, while some other users, may give a rating value of 5 only for items that they really like. To overcome
this difference in scale problem, the adjusted cosine similarity method is used [22].

—
read the rating value
Start and average rating |
value
.~ 00000/

Check Product
Value

Calculate Similarity
Value

Figure 2. Find Similarity Value Using Adjusted Cosine Similarity

Figure 2 is the method that will be used in this study to find the similarity value between items is Cosine
Similarity Adjusted. This method is used to find the similarity of users who give different and very striking ratings.
After getting the average rating, finding the is the next step. similarity value between items. In this case, the
algorithm used is Adjusted Cosine Similarity. The following are the steps:
a. Check the rating values owned by the product, for example, select products a and b.
b. Check the first column and row, products a and b if values are found, namely 3 and 5. In the event that one of the
products possesses no rating value (blank), then the resemblance cannot be calculated.
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c. Check the subsequent section and column, until you get a value on products b and ¢ and get a rating value of 4
and 2.

d. Checking columns and rows will continue through the final row, namely row 4.

e. In the subsequent step, the similarity value must be determined based on the rating not entirely set in stone to be
suitable between the products.

Table 3 illustrates the rating values for products a and b in the first column and rows a and b have values 3
and 5. The next step is to move to the second row and column, where product a has a value of 1 and b is empty. So it
cannot be used as a calculation because it does not meet the calculation requirements. The calculation requirement
will be carried out if the two adjacent product values must have a rating value. With the same stage, rating values of
4 and 2 are obtained in the third row. The next example is the calculation of the value of similarity with the
equation.

Y7 (Rip — Ric) - (Riqg — Ri)

sim(iy, i) = ?
m 2 m 2
Zi=1 (Rk,p - Rk) Zi=1 (Rk,q - Rk)
Where:
Sim(iy, i) = is the adjusted cosine similarity formula from i, to i,
Iy = Active items.
iq = ltems to be compared.
Z = The arrange of users who provide ratings for items/products p and g.
k=1
Ryp = User rating k on item p.
Ry q = User rating k on item q.
Ry, = The average value of the rating on user k.

Let's explore the computation of adjusted cosine similarity using Table 3 as a vivid example. The intricate
workings of adjusted cosine similarity are vividly demonstrated in Equation (3).

(3—-3,6667)(5—3,6667) + (4 —3)(2—-3)

S(ip' iq) =

®3)

J(3 —3,6667) + (4 —3)2,/(5 — 3,6667) + (2 — 3)2

Table 3. Comparison of User Ratings

User Rip Riq Ry
Ul 3 5 3,667
U3 4 2 2

Table 3 will display a Comparison of User Ratings and After performing calculations using the Adjusted
Cosine Similarity equation to determine the values of their similarities products a and b, the similarity that follows
are gotten for a value of -0.9430. After doing the calculations in the same way, the consequences of closeness
between products are obtained as shown in Table 4.

Table 4. Overall Calculation of Adjusted Cosine Similarity using data from table 1

Products Compared  Products Compared Adjusted Cosine Similarity Value
-0,9430
0,7049
-1
-0,5426
-0,3773
-0,7592

OUwW>>>
vlvNoNwReN

Process table 4 is a table that reflects the overall results of calculating the value of similarity between
products. This table depicts a comparison of the calculated values between each product pair in the dataset. From the
comparison of these values it can be obtained a similarity value that can be recommended, namely items A and C of
0.7049. other items are not recommended because the value of adjusted cosine similarity is negative. This similarity
value indicates the extent to which the two products have similarities in certain characteristics or properties. The
calculation results contained in Process Table 4 have an important role in the next prediction calculation process.
The similarity values obtained will be used as an important factor in calculating predictions regarding preferences or
user behavior towards products that have not been consumed by them before. By using the similarity values
generated from this calculation, we can make predictions about which products users are most likely to like based on
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their preferences and behavior towards similar products. This helps in presenting recommendations that are more
relevant and personalized in the context of the user experience.

2.4 Collaborative Filtering

The recommendation method is called collaborative filtering approach by recommending an item based on what
other users have said about it. [25]. This method filter data derived from the similarity of client attributes to provide
users with new information because the system gives them information based on a group of users who are almost the
same[26]. Differences in interests in some group members make a new source of information. Cooperative sifting
gives proposals in view of an assortment of feelings, interests also, interests of a few clients which are usually given
in the form of ratings given by users on an item. Generally, collaborative filtering performs two processes[27]:
a. Embark on a quest to uncover users who exhibit a similar ranking pattern to the target user (the user for whom
the prediction is to be made).
b. Use the rating values of other users obtained from the above step to calculate predictions for active users.
Collaborative filtering methodologies can be categorized into two distinct classes: client-based collaborative
filtering, often referred to as memory-based, and item-based collaborative filtering, also known as model-based.
User-based collaborative filtering hinges on the connection between a user and their corresponding group of
followers. On the other hand, item-based collaborative filtering is built upon the relationships between items that
have been previously accessed by the user, thereby facilitating the recommendation of other items based on past
purchasing behavior. Recommendations based on users tend to select items that are like previously selected items.
Examples of algorithms that are usually used in item-based CF are cosine-based likeness, pearson relationship
comparability and changed cosine similitude [28]. In this research, the recommendations given are obtained in view
of the comparability between things S seen from the ratings given by users for these item [29].

2.5 Adjusted Cosine Similarity Algorithm

Adjusted Cosine Similarity is a development of Cosine Similarity where there is consideration the existence empty
values that are not owned by the user so that normalizing the data is fundamental to make the empty value data
which is assumed to use 0 into a middle value [30]. This method is used to calculate the similarity of users who give
different ratings[31]. For example, if an item is given a rating scale from 1 to 5, some users may give a rating of 5 to
some items that they like considering the item is not too bad, while some other users, may give a rating value of 5
only for items that they really like. To overcome this difference in scale problem adjusted cosine method is used

[32].
Yy (Rep — Ric) - (Rig — Ric)

?;1 (Rk,p - Rk)z\/zﬁl (Rk,q - Rk)z

2.6 Predictions Calculations

(4)

sim(ip, iy) =
2

After the calculation process to find the similarity value is carried out, then it will be continued with the prediction
calculation process. The method that will be used in this study to find predictions for items is a weighted sum. The
weighted sum method is a method for calculating item i predictions for user u by summing the rating given by the
client on things that are like thing I [3].

_ Dall similar items,N(Sin * Run)
Pui -

2

Zall similar items,N(lSi,N D (5)

It can be seen that Py, ; is user u the basis for the anticipated rating of thing i, S; y is the similarity of thing i
and item N, R,,  is the rating that client u gave thing N.

2.7 Performance Evaluation

At this stage, a performance evaluation will be carried out to determine the effectiveness and performance of the
recommendations that have been given by the system. To assess the presentation of the recommendation system, a
method and, calculation are needed that can calculate the quality level of the predictions produced by a system.

2.8 Mean Absolute Error

The MAE method as widely recognized and employed in statistical analysis as a valuable tool for evaluating the
accuracy of prediction systems. Its fundamental purpose is to assess the performance of a system by measuring the
disparity between the predicted values and the corresponding actual values. By quantifying the absolute difference
between these values, MAE provides a comprehensive understanding of the system's predictive capabilities. In the
context of recommendation systems, MAE serves as a crucial metric for assessing the accuracy of predictions made
by the system. When applying MAE to recommendation systems, the predicted values represent the system's

Copyright © 2023 Muhammad Khiyarus Syiam, Page 380
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 5, No 2, September 2023 Page: 376-385

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v5i2.3690

recommendations, while the original values correspond to the true preferences or ratings provided by users. By
comparing the predicted recommendations with the actual user preferences, MAE offers insights into the level of
accuracy exhibited by the recommendation system.

A lower MAE value indicates a higher degree of accuracy in predicting items and reflects the system's ability
to provide recommendations that closely align with user preferences. It signifies that the system's predictions are
consistently close to the actual values, thus enhancing the user experience and increasing the likelihood of user
satisfaction. A lower MAE value signifies that the recommendation system has successfully captured the patterns
and nuances of user behavior, enabling it to generate recommendations that resonate well with users' preferences
and interests. By employing the MAE method, recommendation systems can be fine-tuning to optimize their
predictive accuracy. System developers and researchers can analyze the MAE values obtained through testing and
validation processes to gain insights into the system's strengths and weaknesses. Lower MAE values not only
indicate superior accuracy but also serve as a benchmark for system performance comparison against alternative
recommendation algorithms or variations in parameter settings.

In conclusion, the Mean Absolute Error (MAE) method plays a vital role in the evaluation of
recommendation systems, providing a quantitative measure of the system's accuracy in predicting item preferences.
A lower MAE value signifies higher accuracy, indicating that the system’'s recommendations closely align with the
actual user preferences. By employing MAE as an evaluation metric, developers and researchers can assess and
enhance the implementation of recommendations systems, ultimately improving the quality of recommendations and
enhancing the overall user experience.

N

Yi=1lpi — ail (6)
N

2.9 Normalized Discounted Cumulative Gain

MAE =

The NDCG method as one of methods used to measure the quality of ratings in the list of recommendations
provided to users. This method combines the concepts of item relevance and item ranking in the recommendation
list, item relevance is usually given by the user or based on existing data and can be expressed on a numerical scale
such as [0.5]. When a value is higher, it means that it is more important. The value of the NDCG itself ranges from
[0.1], where a higher worth demonstrates a better rating and more relevant recommendations.

g relevance;

i=1llog,(i + 1)

NDCG = @)

n ideal;
=llog,(i+ 1)

3. RESULT AND DISCUSSION

In this study, the Run The Runway dataset was used from Amazon totaling 192,544 rows of data with a total of 15
feature columns. Based on the available column features, in this study the feature columns that will be used are only
the User_ID, Item_ID, as well as a Rating with an original value of 1-10 and then, the rating value is converted to 1-
5.

3.1 Data Exploration

Data exploration is performed in more depth to find out some errors such as missing values, outliers, duplication,
encodings, noisy, and other errors in the data. The following is the initial description of the dataset obtained [33].

Table 5. Total Unique Value Dataset

Feature Total
Unique Users 105508
Unique Items 5850

Unique Rating [1,2,3,4,5]

Table 5 is the total dataset of unique values of users, items and ratings. Descriptive description is done to be
able to see the distribution of data to reduce noise and data bias in the dataset, the results are obtained as in table 6.

Table 6. Agregat Data Item

Item_id Average Rating Total Rating

item_7 4,480036 2229
item_100 4,506961 1724

item_1 4,768827 1713
ltem_ 5018 4,375000 32
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item_1654 4,562500 32
item_1089 4,656250 32

Table 6 is an average rating, and the results of these items are quite significantly far from the average rating,
in the section item_5018, item_1654, and item_1089 have the same total rating.

Table 7. Descriptive Statistics of Item Aggregate Data

Average Rating Total Rating

count 1455,000000 1455,000000
mean 4,563601 98,180756
std 0,191198 151,811228
min 3,488889 33,000000
25% 4,450432 41,500000
50% 4,588235 57,000000
75% 4,703704 91,500000

max 4,957746 2229,000000

Table 7 Is a descriptive statistic of aggregate data items that are calculated equally starting from the number,
average, min, 25-75%, and Max. it will have different result values and the data is quite accurate.

2000 A

1500 o

_ratings
.
.

number_of_ratin
i
=]
Q
(=}
L]
L]

3.6 3.8 4.0 4.2 4.4 4.6 4.8 5.0
mean_rating

Figure 3. Visual Distribution of Item Data

Figure 3. Is the distribution of item data calculated using average data. And the value obtained is quite
significant, namely at 4.0 to almost 5.0.

Table 8. Agregat Data User

User id Average Rating Total Rating
user_72726 4472727 165
user_3492 5,000000 91
user_87893 4,583333 72
user_32363 4,000000 10
user_10235 4,700000 10
user_51590 4,700000 10

Table 8 is the average rating and results from those users whose scores are quite significantly far from the
average rating, but in the section user_32363, user_10235, and user_51590 have the same total rating.

et HIH]

number_of ratings
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Figure 4. Visual Distribution of User Data
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Figure 4 After thorough exploration, the Dataset is then converted into a Pivot-Table that has into a Pivot-
Table that has User, Item, and Rating. This is done to make it easier for researchers to analyze the dataset used more
efficiently and to be ready to compute the Likeness esteem in Collaborative. more efficiently and to be ready to
compute the Likeness esteem in Collaborative Filtering. Filtering requires a dataset with a Pivot-Table
representation. The outcomes of the PivotTable as shown in Table 9.

Table 9. Pivot Table

Item ID User 974 User 1810 User 103895 User 104887

item_0 4,0 0,0 0,0 0,0

item_1 0,0 3,0 0,0 0,0
item_5826 0,0 0,0 - 0,0 5,0
item_5827 0,0 0,0 5,0 0,0

Table 9 Similarity calculation on Adjusted Cosine Similarity method, Pivot-Table that has been owned needs
to be converted into the form of Mean-Adjusted Rating Pivot-Table by reducing each rating to the average User
Rating, this is done to eliminate individual user bias against existing ratings. eliminate individual user bias against
existing ratings.

Table 10. Mean-Adjusted Pivot Table

Item ID User 974 User 1810 User 103895 User 104887
item_0 -0,222 0,0 0,0 0,0
item_1 0,0 -1,167 0,0 0,0
item_5826 0,0 0,0 - 0,0 0,2
item 5827 0,0 0,0 0,273 0,0

Table 10 is a Pivot-Table that has been owned needs to be converted into a Mean-Adjusted Rating Pivot-
Table form by reducing each Rating to the average User Rating.

3.2 Collaborative Filtering

Adjusted Cosine Similarity calculation to see Item-Based similarity, Adjusted Cosine Similarity has a range of
results of -1 to 1 where when the worth is near 1 then the thing can be said to be related while when the worth is
near - 1 then the thing can be said to be unrelated [34].

Table 11. Adjusted Cosine Similarity

Item ID Item 0 Item 1 Item 2 Item 5826 Item 5827

item_0 1,000 0,0 -0,018258 0,0 0,0

item_1 0,0 1,000 0,034696 0,008143 0,0
item_5826 00 0,021734 - - 1,000 00
item_5827 0,0 0,0 0,0 1,000

Table 11 Item-Based similarity, Adjusted Cosine Similarity has a range of results of -1 to 1 where when
items can be said to be related when the value is close to 1, not related when the value is close to 0, and conflicting
when the value is close to -1.

3.2 Evaluation Result

The data is evaluated to see the MAE value by applying several test scenarios in the form of different numbers of
missing values, different numbers of Top-n Neighborhood Selection and researchers will compare the test results
that are cosine-similar to see the performance of Adjusted Cosine Relativity. The following are the test results
obtained:

Table 12. Comparison of the results of cosine similarity and adjusted cosine similarity calculated using MAE and

NDCG
K-Fold Top-n — M.AE — — N[.)CG —
Cosine Similarity Adjusted Cosine Similarity Cosine Similarity Adjusted Cosine Similarity
4 5 0,4774 0,4461 0,9905 0,9989
5 5 0,4774 0,4461 0,9900 0,9988
10 5 0,4774 0,4468 0,9887 0,9887
4 10 0,4815 0,4424 0,9921 0,9989
5 10 0,4815 0,4424 0,9919 0,9989
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10 10 0,4815 0,4424 0,9908 0,9988

Based on the extensive analysis and evaluation of the results presented in Table 12, it becomes evident that
Adjusted Cosine Similarity, specifically when the value of Top-n is set to 10, consistently outperforms the Cosine
Similarity method across various evaluation metrics. The MAE (Mean Absolute Error) value obtained using
Adjusted Cosine Similarity is recorded at an impressively low value of 0.4424, indicating the model's ability to
accurately predict user preferences for unrated items. Additionally, the NDCG (Normalized Discounted Cumulative
Gain) value achieved is an exceptional 0.9988, further solidifying the advantage of the Cosine Similarity Adjusted
approach.These outstanding results provide substantial evidence to support the claim that the utilization of Adjusted
Cosine Similarity yields superior recommendations compared to the traditional Cosine Similarity method. By
incorporating adjustments that account for the variations in user behavior and item similarities, Adjusted Cosine
Similarity can catch the intricacies can catch the more effectively. This enhanced understanding of user behavior,
coupled with the comprehensive consideration of item similarities, results in more accurate and relevant
recommendations being generated.

The superior performance of Adjusted Cosine Similarity can be attributed to its ability to mitigate the
limitations associated with the Similarity of Cosine method. Cosine Relativity solely relies on the angle's cosine.
between the vectors representing user-item interactions, disregarding other crucial factors such as the overall rating
patterns, biases, and deviations within the dataset. On the other hand, Adjusted Cosine Similarity successfully
addresses these limitations by normalizing the ratings based on user and item averages, ensuring a fair and unbiased
comparison. This normalization process allows the model to provide more precise recommendations, enhancing the
overall user experience and satisfaction.

In conclusion, the extensive evaluation of the results in Table 12 clearly demonstrates the superior
performance of Cosine Similarity Adjusted over the Cosine Likeness strategy. The exceptional MAE value of
0.4424 and the impressive NDCG of 0.9988 achieved using the Adjusted Cosine Similarity approach further
emphasize its effectiveness in generating accurate and relevant recommendations. By incorporating adjustments that
consider user behavior and item similarities, Adjusted Cosine Similarity overcomes the limitations of the traditional
Cosine Similarity method, resulting in improved recommendation quality and user satisfaction.

4. CONCLUSION

Based from the outcomes of experimentation conducted on Collaborative Filtering Item-Based utilizing both Cosine
Similarity and Adjusted Cosine Similarity. Adjusted Cosine Similairy results with Top-n Neighbors = 10 produce
the best performance in each scenario with an average MAE value of 0.44242 at 4-Folds, 0.44246 at 5-Folds, and
0.44245 at 10-Folds. This proves that Adjusted Cosine Similarity can outperform Cosine Similarity by higher MAE
difference of 0.03493 at 10-Folds, 0.03492 at 5-Folds, and 0.03495 at 4-Folds. In Table 10, Adjusted Cosine
Similarity produces more consistent item recommendations on Top-n =5 and Top-n = 10, where in 3 trials each user
gets a recommendation for items that are more consistent with Top-n =5 and Top-n = 10. 10, where in 3 trials each
user gets the same item recommendation. While the recommendation results from Cosine Similarity experience item
changes. Based on the explanation above, it can be concluded that the use of Adjusted Cosine Similarity can
produce better recommendations because it not only considers user behavior, but also produces lower error
performance. because it not only considers the behavior of the user, but also produces lower error performance.
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