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Abstract
To address the problems of traditional collaborative filtering algorithms ignor-
ing that user interests stem from keywords and suffering from data sparsity,
a collaborative filtering recommendation algorithm incorporating user interest
degree clustering is proposed. Utilizing user ratings on items and extracting
keywords from item attributes, a novel RF-IIF (rating frequency-inverse item
frequency) algorithm is proposed. This algorithm derives user preferences for
keywords based on both the target user’s rating frequency for a specific key-
word and the rating frequency of that keyword across all users, thereby forming
a user-keyword preference matrix upon which clustering is conducted. Subse-
quently, a logistic function is employed to obtain user interest degrees in items,
thereby clarifying user preferences. Within the clusters, similar users to the
target user are identified, and the top-N items favored by these neighbors are
extracted for recommendation. Experimental results demonstrate that the al-
gorithm consistently outperforms traditional algorithms in accuracy, exhibits
relatively accurate judgment of user preferences, alleviates the data sparsity
problem, and effectively improves both the accuracy and efficiency of recom-
mendations.
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Abstract

Traditional collaborative filtering algorithms ignore the fact that user interests
originate from keywords and suffer from data sparsity problems. To address
these issues, this paper proposes a collaborative filtering recommendation algo-
rithm combined with user interest degree clustering. By leveraging user ratings
on items and extracting keywords from item attributes, we introduce a novel
RF-IIF (Rating Frequency-Inverse Item Frequency) algorithm that captures user
preferences for keywords based on both the target user’s rating frequency for a
specific keyword and the keyword’s rating frequency across all users, forming a
user-keyword preference matrix for clustering. We then employ a logistic func-
tion to derive user interest degrees in items, clarifying user preferences. Similar
users are identified within clusters, and the top-N items preferred by neighbors
are extracted for recommendation. Experimental results demonstrate that the
proposed algorithm consistently outperforms traditional methods in accuracy,
provides more precise judgment of user interests, alleviates data sparsity, and
effectively improves both recommendation accuracy and efficiency.

Keywords: collaborative filtering; recommendation algorithm; user interest;
K-means clustering

1 Introduction
Recommender systems (RS) are software tools or technical methods that sug-
gest useful items to users [1]. Early recommendation systems provided only
popular and generic content that failed to meet individual needs, leading to the
development of personalized recommendation systems. The simplest approach
to personalization involves analyzing user historical behavior data (including
ratings and browsing history) to derive personalized preferences and predict the
most suitable items.

Based on different user requirements, various recommendation methods have
emerged, commonly including content-based methods, association rule-based
methods, and collaborative filtering methods [2]. Among these, collaborative
filtering is one of the most extensively studied and effective recommendation
algorithms, widely adopted by major e-commerce platforms such as Taobao,
JD.com, Amazon, and Dangdang.

Collaborative filtering algorithms are categorized into model-based and memory-
based approaches [3-5]. Memory-based collaborative filtering is further divided
into user-based and item-based methods. User-based collaborative filtering cal-
culates similarity between the target user and other users, identifies those with
similar interests, and generates recommendations based on their preferences.
However, as the number of users and items grows, data sparsity [6], inaccu-
rate similarity computation, and poor real-time performance become critical
challenges affecting system performance.
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To address rating prediction problems caused by data sparsity, researchers have
introduced clustering algorithms. For instance, [7] proposed a recommendation
algorithm combining item clustering with the Slope one scheme, aggregating
items into clusters and applying Slope one to each cluster to predict ratings
for unknown items. [8] introduced a collaborative filtering algorithm based on
matrix clustering, applying the algorithm to submatrices after clustering user
rating data, thereby improving recommendation accuracy. [9] presented an
item clustering-based collaborative filtering algorithm that clusters items based
on user ratings and searches for nearest neighbors within similar clusters, effec-
tively enhancing real-time response speed. Although these improved algorithms
mitigate traditional collaborative filtering problems to some extent, they still
overlook the fundamental insight that user interest in items originates from
keywords—users rate items because they are interested in specific keywords as-
sociated with those items.

To address these limitations, this paper proposes a user-keyword relationship-
centric collaborative filtering algorithm. By combining the user-item matrix
with the item-keyword matrix to construct a user-keyword matrix, we intro-
duce the RF-IIF algorithm to compute user preferences for keywords, forming
user preference vectors for clustering. We then utilize a logistic function to
calculate user interest degrees in items, enabling efficient identification of simi-
lar neighbors within clusters. This approach enhances efficiency by leveraging
user interest degree clustering to fully understand users and items, discover hid-
den relationships between users, enable recommendations for niche items, and
improve algorithm real-time performance.

2 Collaborative Filtering Recommendation Algorithm
2.1 Basic Collaborative Filtering Process

The fundamental concept of collaborative filtering is to recommend items that
interest users with similar tastes [10]. The algorithm consists of four steps: (1)
collect user rating data and construct a user-item rating matrix; (2) compute
user similarities using the rating matrix; (3) select top-N nearest neighbors
based on similarity results; and (4) calculate predicted ratings for the target
user based on neighbor ratings and generate recommendations. Collaborative
filtering does not rely on explicit features or attributes of users and items but
instead analyzes historical data that better reflects user preferences to uncover
hidden relationships, yielding more personalized recommendations.

Definition 1. User-Item Matrix. All user rating records can be represented as
a user-item rating matrix 𝑅 ∈ ℝ𝑚×𝑛, where 𝑈 = {𝑢1, 𝑢2, … , 𝑢𝑚} denotes the
set of 𝑚 users and 𝐼 = {𝐼1, 𝐼2, … , 𝐼𝑛} denotes the set of 𝑛 items, as shown in
Equation (1). We use 𝑟𝑖𝑗 to represent the rating of user 𝑢𝑖 on item 𝐼𝑗, with
values ranging from 1 to 5, where higher scores indicate stronger preference.
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𝑅 =
⎡
⎢⎢
⎣

𝑟11 𝑟12 ⋯ 𝑟1𝑛
𝑟21 𝑟22 ⋯ 𝑟2𝑛
⋮ ⋮ ⋱ ⋮

𝑟𝑚1 𝑟𝑚2 ⋯ 𝑟𝑚𝑛

⎤
⎥⎥
⎦

Similarity Computation. To predict ratings for unrated items, collaborative
filtering first identifies a set of similar neighbors, making user similarity calcula-
tion a critical component. Common similarity metrics include cosine similarity
[11], Pearson correlation coefficient [12], and adjusted cosine similarity. Since
cosine similarity ignores different rating scales across users, adjusted cosine sim-
ilarity subtracts each user’s average rating before computing similarity:

𝑠𝑖𝑚(𝑖, 𝑗) =
∑𝑢∈𝑈𝑖𝑗

(𝑟𝑢𝑖 − ̄𝑟𝑢)(𝑟𝑢𝑗 − ̄𝑟𝑢)

√∑𝑢∈𝑈𝑖𝑗
(𝑟𝑢𝑖 − ̄𝑟𝑢)2√∑𝑢∈𝑈𝑖𝑗

(𝑟𝑢𝑗 − ̄𝑟𝑢)2

where 𝑈𝑖𝑗 represents the set of users who rated both items 𝑖 and 𝑗, and ̄𝑟𝑢
denotes user 𝑢’s average rating across all rated items.

After obtaining the nearest neighbor set 𝑁𝑢 for target user 𝑢, the predicted
rating for item 𝑖 is computed using Equation (3):

𝑃𝑢,𝑖 = ̄𝑟𝑢 +
∑𝑣∈𝑁𝑢

𝑠𝑖𝑚(𝑢, 𝑣) ⋅ (𝑟𝑣,𝑖 − ̄𝑟𝑣)
∑𝑣∈𝑁𝑢

|𝑠𝑖𝑚(𝑢, 𝑣)|

where ̄𝑟𝑢 and ̄𝑟𝑣 represent the average ratings of users 𝑢 and 𝑣, respectively.
Based on these predictions, the top-N items with highest predicted ratings are
recommended to the target user.

3 Proposed Algorithm: Collaborative Filtering with User
Interest Degree Clustering
The proposed algorithm derives user preferences for keywords from rating
records and item keywords, employs the RF-IIF algorithm to obtain keyword
preference degrees, performs clustering on the resulting preference matrix, and
uses a logistic function to compute user interest degrees for items. Finally, it
identifies nearest neighbors within clusters to generate recommendations. The
algorithm flow is illustrated in Figure 1 [Figure 1: see original paper].

3.1 User-Keyword Preference Matrix Computation

Users typically select items due to interest in specific keyword attributes, with
varying interest degrees across different keywords. Therefore, we map user-item
ratings onto corresponding keyword attributes, enabling similarity measurement
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between users who may not have rated the same items but share interest in cer-
tain keywords. User ratings on keyword attributes reflect preferences, allowing
us to derive a user-keyword matrix from the user-item rating matrix and item
attribute matrix.

Definition 2. Item-Keyword Matrix. In recommender systems, items are
described by various attributes. We represent the set of item keywords as
𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑞}, with the item-keyword matrix 𝑊 ∈ ℝ𝑞×𝑛 defined as in
Equation (4), where “1”indicates that an item possesses a keyword attribute
and“0”indicates it does not. Each column vector represents an item’s keyword
profile.

𝑊 =
⎡
⎢⎢
⎣

𝑤11 𝑤12 ⋯ 𝑤1𝑛
𝑤21 𝑤22 ⋯ 𝑤2𝑛

⋮ ⋮ ⋱ ⋮
𝑤𝑞1 𝑤𝑞2 ⋯ 𝑤𝑞𝑛

⎤
⎥⎥
⎦

Item attribute lists typically include properties such as genre, release date, and
type, from which we extract keyword values. By mapping user-item ratings onto
these keyword attributes, we generate a user-keyword rating matrix.

Definition 3. User-Keyword Rating Matrix. The user-keyword rating matrix
𝐾 ∈ ℝ𝑚×𝑞 is derived from the user-item rating matrix 𝑅 and item-keyword
matrix 𝑊 through matrix multiplication, as shown in Equation (5):

𝐾 = 𝑅 × 𝑊 𝑇

In matrix 𝐾, each user has different ratings for different keywords, reflecting
varying preferences. Specifically, user 𝑢𝑖’s preference for keyword 𝑡𝑞 increases
with their rating frequency for that keyword and decreases with the keyword’
s popularity. Based on this characteristic, we propose the RF-IIF algorithm to
predict user preferences for keywords from rating frequencies and cluster users
accordingly.

Rating Frequency (RF). RF represents the frequency with which a target
user rates a particular keyword, calculated as in Equation (6):

𝑅𝐹𝑖𝑞 = 𝑤𝑖𝑞
∑𝑡∈𝑇 𝑤𝑖𝑡

where 𝑤𝑖𝑞 denotes the number of times user 𝑢𝑖 rated keyword 𝑡𝑞 in matrix 𝐾,
𝑇 is the set of all keywords, and ∑𝑡∈𝑇 𝑤𝑖𝑡 represents the total rating count of
user 𝑢𝑖.

Inverse Item Frequency (IIF). IIF represents the inverse of the number of
users who rated a keyword, calculated as in Equation (7):
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𝐼𝐼𝐹𝑞 = log 𝑁
𝑁𝑞

where 𝑁 is the total number of users in matrix 𝐾, and 𝑁𝑞 is the number of
users who rated keyword 𝑡𝑞.

The preference degree of user 𝑢𝑖 for keyword 𝑡𝑞 is then given by Equation (8):

𝑃𝑟𝑒𝑖𝑞 = 𝑅𝐹𝑖𝑞 × 𝐼𝐼𝐹𝑞

The preference degrees of user 𝑢𝑖 across all keywords form the preference vector
𝑃𝑟𝑒𝑖 = (𝑃𝑟𝑒𝑖1, 𝑃 𝑟𝑒𝑖2, … , 𝑃𝑟𝑒𝑖𝑟), and the collection of all user preference vectors
constitutes the user-keyword preference matrix 𝑃𝑟𝑒, as shown in Equation (9):

𝑃𝑟𝑒 =
⎡
⎢⎢
⎣

𝑃𝑟𝑒11 𝑃𝑟𝑒12 ⋯ 𝑃𝑟𝑒1𝑟
𝑃𝑟𝑒21 𝑃𝑟𝑒22 ⋯ 𝑃𝑟𝑒2𝑟

⋮ ⋮ ⋱ ⋮
𝑃𝑟𝑒𝑚1 𝑃𝑟𝑒𝑚2 ⋯ 𝑃𝑟𝑒𝑚𝑟

⎤
⎥⎥
⎦

The RF-IIF algorithm effectively distinguishes user preferences: popular key-
words with high rating frequencies yield lower preference values, while niche
keywords rated by fewer users receive higher preference values, indicating greater
relative importance to those users.

3.2 User Clustering for Nearest Neighbor Identification

The user-keyword preference matrix, while clarifying preferences, remains high-
dimensional and sparse. Therefore, we employ K-means clustering to partition
users into smaller, similar clusters, enabling neighbor search within clusters to
mitigate data sparsity.

K-means clustering measures similarity through distance calculation, grouping
objects with distances below a threshold into clusters. Given its suitability for
sparse data, we use cosine similarity for clustering:

𝑠𝑖𝑚(𝑃𝑟𝑒𝑎, 𝑃 𝑟𝑒𝑏) =
∑𝑟

𝑞=1 𝑃𝑟𝑒𝑎𝑞 ⋅ 𝑃 𝑟𝑒𝑏𝑞

√∑𝑟
𝑞=1 𝑃𝑟𝑒2𝑎𝑞√∑𝑟

𝑞=1 𝑃𝑟𝑒2
𝑏𝑞

where 𝑃𝑟𝑒𝑎 and 𝑃𝑟𝑒𝑏 represent the preference vectors of users 𝑢𝑎 and 𝑢𝑏, respec-
tively. The K-means algorithm groups users with similar keyword preferences
into clusters.
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3.3 Prediction and Recommendation

Keyword rating frequency indicates user preference—higher frequency suggests
stronger interest. Compared to using raw ratings, rating frequency provides
more accurate interest assessment. However, since rating frequencies vary sig-
nificantly across keywords, we employ the logistic function (proposed by Pierre
François Verhulst in 1844) to nonlinearly map rating frequencies to interest de-
grees. The logistic function, commonly used to model population growth and
learning processes, is a smooth, continuous, strictly monotonic S-shaped func-
tion defined as:

𝑓(𝑥) = 1
1 + 𝑒−𝑥

User interest in items grows nonlinearly with rating frequency. Under non-
exclusive item conditions, higher rating frequency indicates greater interest. We
thus use the logistic function to model the relationship between users and rating
frequencies, deriving user interest degrees in items as in Equation (12):

𝐻𝑖𝑗 = 1
1 + 𝑒−(𝑅𝑖𝑗−𝑅̄)

where 𝐻𝑖𝑗 represents user 𝑢𝑖’s interest degree in item 𝐼𝑗 (value in (0,1)), which
increases monotonically and nonlinearly with rating count 𝑅𝑖𝑗, and 𝑅̄ is the
average rating count across all items.

The interest degree values of user 𝑢𝑖 for all items in 𝐼 form the interest vector
𝐻𝑖 = (𝐻𝑖1, 𝐻𝑖2, … , 𝐻𝑖𝑚). After obtaining user-item interest degrees, we identify
Top-N neighbors similar to the target user within clusters using the adjusted
cosine similarity formula (Equation 12):

𝑆(𝑢𝑎, 𝑢𝑏) =
∑𝑖∈𝐼𝑎𝑏

(𝐻𝑎𝑖 − 𝐻̄𝑎)(𝐻𝑏𝑖 − 𝐻̄𝑏)

√∑𝑖∈𝐼𝑎𝑏
(𝐻𝑎𝑖 − 𝐻̄𝑎)2√∑𝑖∈𝐼𝑎𝑏

(𝐻𝑏𝑖 − 𝐻̄𝑏)2

where 𝐼𝑎𝑏 is the set of items of common interest to users 𝑢𝑎 and 𝑢𝑏, and 𝐻̄𝑎 and
𝐻̄𝑏 represent their average interest degrees.

After identifying the Top-N users most similar to the target user to form the
neighbor set 𝑁𝑢, we predict the target user’s preference for unrated items using
Equation (13):

𝑃𝑢,𝑖 = 𝐻̄𝑢 +
∑𝑣∈𝑁𝑢

𝑆(𝑢, 𝑣) ⋅ (𝐻𝑣,𝑖 − 𝐻̄𝑣)
∑𝑣∈𝑁𝑢

|𝑆(𝑢, 𝑣)|
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where 𝐻̄𝑢 is user 𝑢’s average interest degree across all rated keywords. Finally,
the top-N items with highest predicted ratings are recommended to the target
user.

4 Experimental Results and Analysis
4.1 Data Processing

We evaluate the algorithm using the MovieLens dataset [17] provided by Grou-
pLens. The dataset contains 943 users, 1,682 items, and 100,000 rating records,
with each user having at least 20 ratings on a scale of 1 (very poor) to 5 (very
good). We randomly select five disjoint subsets for cross-validation, partitioning
each into 80% training set and 20% test set. The user-item rating data format
is shown in Figure 2 [Figure 2: see original paper], with columns representing:
User ID | Item ID | Rating | Timestamp. Item attributes are shown in Figure 3
[Figure 3: see original paper], where 0 indicates absence and 1 indicates presence
of a keyword attribute. The keywords include: Action, Adventure, Animation,
Children’s, Comedy, Crime, Documentary, Drama, Fantasy, Film-Noir, Horror,
Musical, Mystery, Romance, Sci-Fi, Thriller, War, Western.

4.2 Evaluation Metrics

We employ Mean Absolute Error (MAE) and Precision to measure recommen-
dation quality. MAE is a standard metric for statistical accuracy and com-
parison, measuring the error between predicted and actual ratings. Smaller
MAE values indicate higher accuracy. Given a set of predicted user interests
𝑃 = (𝑝1, 𝑝2, … , 𝑝𝑛) and actual interests 𝑄 = (𝑞1, 𝑞2, … , 𝑞𝑛), MAE is calculated
as:

𝑀𝐴𝐸 = 1
𝑛

𝑛
∑
𝑖=1

|𝑝𝑖 − 𝑞𝑖|

Precision measures the probability that recommended items are truly interesting
to the target user:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑁𝑐
𝑁

where 𝑁 is the total number of recommendations and 𝑁𝑐 is the number of
correct recommendations.

Experiment 1: Parameter Analysis. We analyze the impact of the key pa-
rameter—the number of keywords—on recommendation effectiveness. Since the
algorithm recommends based on user interest degrees across different keywords,
we investigate how keyword count affects results. As shown in Figure 4 [Figure
4: see original paper], the algorithm performs best with 6 keywords. With too
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few keywords, user similarity becomes difficult to compute, degrading perfor-
mance; with too many, matrix sparsity increases, adversely affecting similarity
calculation and raising error rates.

Experiment 2: Algorithm Comparison. Using the optimal keyword count
of 6, we compare our algorithm with existing methods in terms of MAE and
Precision. Figure 5 [Figure 5: see original paper] shows that as neighbor count
increases, MAE decreases and stabilizes, with our algorithm achieving approx-
imately 0.643 at 40 neighbors, outperforming the logistic clustering-based al-
gorithm at 0.676. Figure 6 [Figure 6: see original paper] demonstrates that
Precision increases and stabilizes with neighbor count, reaching approximately
0.2487 at 20 neighbors, surpassing the algorithm in [15] at 0.2442. Our algo-
rithm consistently outperforms both traditional and recent methods.

Efficiency Analysis. Figure 7 [Figure 7: see original paper] compares recom-
mendation generation time with and without clustering. While both approaches
exhibit increasing time with neighbor count, clustering significantly reduces run-
time, demonstrating substantially improved efficiency.

5 Conclusion
This paper introduces a logistic function to model the nonlinear relationship
between user rating frequency and interest degree, computing user interest in
item keywords to form a user-keyword interest matrix and subsequently a user-
item interest degree matrix. By performing user clustering on this new matrix
and searching for nearest neighbors within the target user’s cluster, we narrow
the search scope and enhance algorithm efficiency. Experiments demonstrate
that the proposed algorithm effectively leverages user interest degrees in item
keywords to identify nearest neighbors and improve recommendation accuracy.
However, the algorithm does not fully consider temporal dynamics in user in-
terests. Future work will incorporate timestamp information and forgetting
mechanisms to further improve recommendation performance.
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