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Abstract. The article examines mathematical models used in the development
of movie recommender systems, with a primary focus on collaborative filtering
methods. The problem of predicting user preferences based on a sparse rating matrix
1s formalized. User-based and item-based models are compared, along with Euclidean
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similarity, Pearson correlation, cosine similarity, and the Jaccard coefficient, as well
as the k-nearest neighbors model and matrix factorization methods. The practical part
is based on a software implementation of item-based collaborative filtering using the
cosine metric and CSR data representation. The experimental dataset includes 100,836
ratings provided by 610 users for 9,724 rated movies. To improve model robustness,
threshold filtering was applied: only movies with at least 20 ratings and users with at
least 40 ratings were included in the training dataset. Testing on three user profiles
showed a 100% genre match between the generated recommendation lists and the
dominant genre, no overlap between the recommendations of two users with the same
dominant genre, and an average cosine distance ranging from 0.096 to 0.116. The
obtained results confirm the model’s ability to account for individual rating patterns;
however, they also reveal its dependence on the selection of the reference movie and
the need for further comparison with SVD, ALS, and hybrid models.
Keywords: recommender system, collaborative filtering, mathematical model,
k-NN, cosine similarity, preference matrix, sparse matrix, MovieLens
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AnHoTamusi. Makanana GuisMIepi YChIHY XYHelepiH Kypy Ke3iHe KO-
JAHBLIATEIH MATeMAaTUKAIBIK MOICIBICP KapacThIPbUIAJIbI, HETI3ri Hazap Koiutabo-
paTuBTIK cy3rijiey omicrepine aymapbuianbl. Cupek Oaraiay MaTpUIachl HeETi3iHIE
naiTananymeUIapIblH TadFaMblH Ookay ecebi dopmanmmanran. User-based skoHe
item-based Monmenbaep, EBKIMATIK KaKbIHIBIK eimieMi, [IMpcOH KOppesusCHI,
KOCHHYCTBIK YKCAcCTBIK koHE JKakkap kod(¢uimeHTi, conai-aK k eH »akKbH Kop-
1l MOJIENi MEH MaTPHIIAJIBIK KIKTEY 9/IiCTepl CaIbICTRIPhUTFaH. [IpakTUKAIBIK 06IiM
KocuHYCTHIK MeTpuka MeH CSR dopmarbiHIarsl gepeKkTepii YChIHYIbI KOJIIaHAThIH
item-based koTabOpPaTHBTIK CY3TiUNEyAiH OaraapiaMaliblK iCKe achIpbUTybIHA HETi3-
JeNreH. DKCIIEPUMEHTTIK JepeKTep KUbIHbI 610 maiinananymsiHby 9 724 OaranaHraH
¢unemre 6epren 100 836 GarachlH KaMTHIbI. MOJENB/IIH OPHBIKTBUIBIFBIH APTTHIPY
YIIIH MIEKTIK CY3riliey KOJJAHBULABL: OKBITY ipikTemecine keminge 20 Oaracel Gap
¢unemaep xoHe keminae 40 Garacwl Oap maiinanaHymibUiap eHriziami. Y maima-
JaHymsl Tpoduii OOMBIHIIA KYPri3UITeH TeKCepy KaJbINTaCTHIPBUIFAH Ti3IMICPAiH
6aceiM sxanpra 100% coiikec KeneTiHiH, OachIM KaHPBI Oipael exi maiinamaHyIbl-
HBIH YCBIHBIMIAPHI apachIH/1a COUKECTIKTEP/IiH JKOK EKeHIH )KOHE OpTallla KOCHHYCTBIK
KambIKTHIKTBIH 0,096-1an 0,116-Fa geiiinri apanbIikTa OONFaHBIH KOPCETTi. AJIBIHFaH
HOTIDKEJIEp MOJICTBIIH KeKe Oaranay yIATUIepiH eckepy KaOuIeTiH pacTaiiibl, anaiiia
Tipek puapMIi TaHgayra ToyenaAlTikTi koHe SVD, ALS xone rubpuaTi Moaenbaep-
MEH OJIaH dp1 CATBICTBIPY KAKETTIrIH J1e KopceTei

Tyiiinai ce3mep: ycoiHy Xyiieci, KotabOpaTHUBTIK CY3rijiey, MareMaTHKa-
JBIK MoJienb, K-NN, KOCHHYCTBIK YKCAaCTBIK, TaJfaM MaTpHILAChl, CUPEK MaTpulia,
MovieLens
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Ha METO/bI KoJutabopatuBHON ¢uisrpanmu. Gopmann3oBana 3agada MPOTHO3UPOBA-
HUSI TIOJIb30BATENILCKUX TPEANIOYTCHUH Ha OCHOBE Pa3peKEHHOW MaTpPUIBI OLEHOK,
cormocrasieHsl user-based u item-based Momeny, MEpbI €BKIHIOBOM OIU30CTH, KOPpPE-
nsiiun [Iupcona, KOCHHYCHOTO CXOCTBa B K03 durrenTa XKakkapa, a Tak:ke MOZICIb
k Ommkalmmx coceneil ¥ METOIBI MaTpUYHOTO pasioxeHus. [Ipakruyeckas yactb
OCHOBaHa Ha MPOTPaMMHON peanu3anuu item-based kommabopaTHBHON (QHUIBTpaN
C KOCHHYCHOW METPHKOH M MpeacTaBieHHeM JaHHbIX B popmare CSR. Dxcnepumen-
TanbHble JaHHbIe BKiItoyatroT 100 836 ounenok 610 nmonbs3oBareneit anst 9 724 oueHeH-
HBIX (PMIIBMOB. J{J151 TOBBIMIEHUS] yCTOMYMBOCTH MOJIENIN IPIMEHEHA TOPOTroBasi (hritb-
Tparmws: B 00y4aroIy0 BEIOOPKY BKIIOYAUCEH GUIBMBI HE MeHee ueM ¢ 20 olleHKaMu
U TIoJIb30BaTeNy He MeHee ueM ¢ 40 ouenkamu. [IpoBepka Ha Tpex MOIb30BaTEIbCKIX
npouIsX TOKa3aja CTOIPOIEHTHOE KAHPOBOE COOTBETCTBHE C(HOPMHUPOBAHHBIX
CIHCKOB JIOMUHUPYIOIIEMY aHPY, OTCYTCTBHE COBMAICHUA MEXKITy PEKOMEHIAIHS-
MU JBYX II0JIb30BaTENIel C ONWHAKOBBIM JIOMUHUPYIOIIUM KAHPOM U CPETHIOI0 KO-
cunycHyto auctanuuio ot 0,096 no 0,116. [TomydyeHHbie pe3yabTaThl MOATBEPKIAIOT
CIOCOOHOCTh MOJIENIM YYUTHIBaTh WHAWBUIYAIbHBIEC MATTEPHBI OLECHUBAHUS, OJHAKO
TaKXe BBIABIISIOT 3aBUCIMOCTB OT BBIOOPA OMOPHOTO (hriTbMa ¥ HEOOXOAMMOCTb 1ajTh-
Heimero cpaBHeHus ¢ SVD, ALS u ruOpuaHbIMU MOACTISIMH.
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Introduction.

The growth of digital content leads to a situation of information overload, in
which the user is unable to independently view and compare all available objects. For
online cinemas, this problem is especially significant: the catalog can include thousands
and tens of thousands of films, and the user’s choice is determined not only by genre,
but also by stable individual rating patterns. In these conditions, a recommender
system acts as a means of filtering and ranking objects, allowing the formation of
a personalized list of potentially relevant films (Aggarwal, 2016; Ricci et al., 2022;
Zhang et al., 2019).

In the scientific literature, a distinction is made between content-based,
collaborative, knowledge-based, and hybrid recommendation models. The content-
based approach uses object attributes and user profiles; the knowledge - based approach
matches formalized requirements with object attributes; collaborative filtering relies
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on collective assessments and does not require a detailed description of each film. The
latter property makes collaborative filtering particularly attractive for catalogs with a
large number of objects and a constantly changing set of user interactions (Lops et al.,
2011; Ricci et al., 2022).

The key difficulty of collaborative filtering is related to the sparseness of
the preference matrix. Most users rate only a small portion of the catalog, so direct
comparison of full vectors is unstable. Additional problems arise from cold starts,
differences in individual rating scales, the computational complexity of pairwise
neighbor search, and the sensitivity of the result to the choice of similarity metric
(Ekstrand et al., 2011; Herlocker et al., 2004; Su et al., 2009).

The aim of the study is to systematize and mathematically compare collaborative
filtering models, as well as to analyze the practical implementation of item - based k -
NN with cosine similarity measure. In contrast to a purely programmatic description,
the main focus is on the formal formulation of the problem, the structure of similarity
functions, prediction formulas, and the conditions for the applicability of models to
sparse data (Ekstrand et al., 2011; Koren et al., 2009; Sarwar et al., 2001).

To achieve this goal, the following tasks are solved: the user ratings matrix is
formalized; user - based and item - based models are compared; the main similarity
measures are considered; k - NN and matrix decomposition are described; the impact
of threshold filtering is analyzed; the results of personalized recommendations for
several user profiles are evaluated; the limitations of the experiment and directions for
model development are formulated.

Most contemporary research in the field of recommender systems focuses on
heavy neural network architectures and deep learning (Covington et al., 2016; Zhang
et al., 2019), which demand substantial computational power and large volumes of
labeled data. Concurrently, the optimization of classical methods remains critically
important for small- and medium-scale application IT services. This paper addresses
the gap in systematizing the conditions under which deterministic threshold filtering,
coupled with sparse matrices, achieves high local personalization with minimal RAM
overhead and without the computationally complex transition to latent factor spaces
(SVD/ALS).

Materials and methods.

Approaches to building recommender systems

The mathematical model of a recommender system is determined by what data
is considered available and how the utility function of an object for a user is formed.
In the most general form, for a user u and an object i, it is necessary to estimate an
unknown utility or rating \ hat r _{ ui }, and then select N objects with maximum
predicted values (Aggarwal, 2016; Ricci et al., 2022).

Neither approach is universal. With detailed movie metadata and a small user
history, a content-based model is effective. As a sufficient number of ratings accumulate,
collaborative methods become increasingly important. A two-stage architecture
is common in industrial systems: the first stage generates a set of candidates, and
the second stage performs a more precise ranking, taking into account context and
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additional features (Lops et al. al., 2011; Ricci et al., 2022; Zhang et al., 2019).
Table 1. Comparative analysis of recommender system approaches

Approach

Data used

Advantages

Main limitations

Content filtration

Object attributes and
user profile

Explainability; working with
new objects

Overspecialization ;
necessity rich signs

User-based CF Ratings from similar | Miscellaneous High computational
users recommendations; social complexity; neighbor
interpretation instability
Item-based CF Similarity of objects | Stability ; possibility Cold start of objects;
based on user ratings | preliminary calculation sparseness

several sources

Matrix Sparse rating matrix | Identification of hidden Complexity settings
decomposition factors; high forecast accuracy | and interpretations

On basis Explicit requirements | No cold start for the user High cost of knowledge
knowledge and restrictions formalization

Hybrid model Combination of Compensation for the Increasing complexity

of architecture and

shortcomings of individual
methods

training

Mathematical formulation of the problem

LetU={u1,...,un} be the set of users, [ ={ 11,..., 1 m} be the set of movies,
and R =( r,; ) be a partially populated n x m rating matrix . The element r,; takes a
value from the rating scale if user u rated movie i, and is absent otherwise. The set of
observed pairs is denoted by Q ={( u, 1 ): 1 is known} (Aggarwal 2016; Ekstrand et
al., 2011).

R=(rny) ER™™ QcUXI

(1

The problem of rating prediction consists of constructing a function f that,
given the available information about the user, the movie, and the matrix R, calculates
the rating of an unknown element:

T = fQu,i,R), (ui)é

)
Top - N Recommendation Problem differs from exact rating recovery. For user

u, a set of unrated objects I, ~ is generated, after which N movies with the highest
predictions are selected:

Rec N (u)=argtop-N _{i €L} fy. 3)

The sparsity of a matrix can be expressed as the ratio of the number of known
estimates to the total number of potential interactions:

0
density(R) = l—:n,

n-

sparsity(R) = 1 — density(R)
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density(R) = |QQ] / (n m ), sparsity(R) = 1 — density(R). 4)

At low density, similarity estimates become unreliable because two rows
or two columns may only have a few nonzero elements in common. Therefore, the
model must consider not only the numerical value of similarity, but also the size of the
intersection of sets of joint ratings. A practical way to reduce noise is to threshold users
and objects by the minimum number of ratings (Herlocker et al., 2004; Su et al., 2009).

Mathematical models of similarity

Euclidean model

The Euclidean distance measures the absolute difference between two rating
vectors. For users x and y, the summation is performed over the set Ixy of movies rated
by both users: (Aggarwal, 2016).

deg(x,y) = \/Ziefxy(rxi - ryi)z (5)
1

1+dg(x.y) (6)

Simg(x, y) =

The advantage of the model is its simplicity, but it is sensitive to systematic
scale shifts. A user who typically gives ratings of 4-5 may be significantly different
from a user with the same relative preferences but a rating range of 2-4.

Pearson’s correlation model

the influence of individual mean scores by centering the vectors: (Ekstrand et
al., 2011; Herlocker et al., 2004)).

YieleyTai ~Te)(ry—7y)

2

. ZE' T Tari—=Ty
Xiet (T~ Ta) ' ""‘y( ¥ 7)

simp(x,y) = j
(7

A value of +1 corresponds to congruent evaluation trends, 0 to the absence of
a linear relationship, and -1 to opposing preferences. With a small number of shared
evaluations, the coefficient may take extreme values randomly; therefore, in practical
systems, a minimum intersection threshold or shrinkage regularization is used.

Cosine model

Cosine similarity estimates the angle between vectors and is well compatible
with sparse matrix representation: (Ekstrand et al., 2011; Sarwar et al., 2001).

sime(x,y) = letllj;lz — X%
ixf IIZ::J»’;'Z
®)
dC(ny) = 1 - Simc(x- }’) (9)
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For a positive evaluation scale, the similarity value is usually in the interval
[0,1]. The measure is invariant to the vector length and is convenient for finding nearest
neighbors in the CSR matrix. However, the standard cosine does not eliminate user-
induced scale shift as completely as the Pearson correlation; for an item - based model,
adjusted can be used. cosine, in which the average rating of the corresponding user is
subtracted from each rating.

Jaccard coefficient

For binary interactions, where the actual act of viewing or choosing is important,
we apply the Jaccard coefficient. Let A and B be the sets of users who interacted with
two films: (Aggarwal, 2016).

|lAnE|

lAUE| (10)

J(A,B) =

The model ignores the rating value but is robust to tasks with implicit feedback.
In the hybrid scheme, the Jaccard coefficient can be used as an additional factor to
enhance the reliability of numerical similarity.

Table 2. Mathematical similarity measures and their characteristics

Measure Range Suitable data Behavior on sparse Key feature
data
Euclidean | (0;1] after Explicit numerical | Sensitive Takes into account
normalization estimates the absolute
difference
Pearson [-1;1] Centered estimates | Unstable at low Eliminates scale
intersection shift
Cosine [0;1] or [-1;1] | Sparse numerical Relatively stable Compares the
vectors direction of vectors
Jacquard [0;1] Binary interactions | Works well Uses the
intersection of sets

Collaborative filtering models

User - based model

In the user - based model, for a target user u, a set of N (u) most similar users
is selected. The prediction of the rating of movie i is calculated as the average rating
of user u plus the weighted deviation of the ratings of neighbors from their individual
means: (Ekstrand et al., 2011; Herlocker et al., 2004).

. Teenguw SImuu)(ry—Ty)
Ty = Ty + VENE(u) vi~Tw

EDENk(H)lSim(u’v)l (11)

The model has a clear interpretation: the contribution of each neighbor is
proportional to the similarity of its preferences with the target user. A drawback is the
high cost of updating user neighborhoods and the variability of user preferences. For
large numbers of users, direct pairwise comparison requires significant computational
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resources.

Item - based model

The item - based model calculates the similarity between movies. To predict the
rating of an object i, movies j that have previously been rated by user u and are closest
to i are used : (Sarwar et al., 2001).

_ ZjeNy (i) SIm(@)ry;

o

Y T jeny i lsim(@.5)] (12)

An item - based approach is generally more stable because relationships
between objects change more slowly than user profiles. The movie similarity matrix
can be calculated in advance, and only the ratings of a specific user can be used when
a query is received. The implementation under study uses an item - based approach,
with nearby objects found using the NearestNeighbors algorithm with cosine distance.

k- nearest neighbors model

k - NN algorithm does not learn a parametric function in the classical sense.
The training phase consists of storing or indexing feature vectors, and upon query, the
distances from the support vector to the remaining features are calculated. The set of
neighbors is defined by the condition: (Aggarwal, 2016; Sarwar et al., 2001).

Ny (i) =\underset] c I\ {i}, |]| = kargmin X ; d(i,j) (13)

The parameter k determines the tradeoff between locality and robustness. A
small k increases sensitivity to individual objects and noise; a large k increases the
risk of including weakly related films. In the original implementation, the number of
recommendations generated is set separately from the number of neighbors: the first
object found is the reference film itself and is excluded from the list.

Matrix decomposition

A model - based alternative is to approximate the rating matrix by the product
of the user and item latent factor matrices. Let p, € R”be the user vector, and q; € RT’
be the movie vector. Then: (Koren et al., 2009; Zharova et al., 2025).

T =0+ by, +b; +plq, (14)

The parameters are determined by minimizing the regularized squared error
based on known estimates:

L=Ywnea(rui —n—by —b; —plq)? + M2y pu 12 + 2 lq: 12 + Xy b2 + 2 b7)

(15)

Matrix decomposition allows for the recovery of missing estimates through
latent factors, but requires extensive training and tuning of the number of factors,
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regularization, and optimization procedures. In this paper, SVD and ALS were not
implemented experimentally and are considered as a avenue for further comparison;
therefore, quantitative results for them are not presented.

Practical implementation of the item - based model

The software service is built in Python using pandas for table processing, scipy
for generating a sparse CSR matrix, scikit - learn for nearest neighbor search, and
matplotlib for visualization. The input data is a table of movies with IDs, titles, and
genres, and a ratings table with user and movie IDs, ratings, and timestamps (Aggarwal,
2016).

Top-N

User ratings —| Threshold filtering |[— CSR matrix —»| k-NN + cosine |—» :
recommendations

Fig. 1. General scheme of data processing and generation of recommendations

First, the tables are merged by movie ID. For each user, the dominant genre
is determined from the rating history. Then, a genre subsample is formed and double
threshold filtering is performed: the movie must have at least 20 ratings, and the user
must have at least 40 ratings. The chosen thresholds are a compromise between sample
size and the reliability of the similarity vectors (Herlocker et al., 2004; Sarwar et al.,
2001).

Table 3. Impact of threshold filtering on sample size

Threshold By | User Size samples | Interpretation
films threshold
5 10 Big High sparseness and risk of noisy

neighborhoods

20 40 Average The chosen balance between completeness
and reliability

50 100 Small A significant reduction in the catalog and
the risk of losing relevant objects

After filtering, a summary «movie X user» matrix is constructed. Gaps are filled
with zeros, after which the dense table is converted to a CSR . This format stores
only non-zero values and their indices, significantly reducing memory footprint and
speeding up operations on sparse rows (Aggarwal, 2016).

Model  NearestNeighbors  Configured with  metric="cosine’ and
algorithm="brute’. A complete search is justified by the fact that for the cosine metric
and sparse matrices, specialized search trees do not provide a guaranteed win. For each
target user, a key film in the dominant genre is selected from their history, after which
the closest films are found. Already viewed objects are excluded, and the remaining
ones are ranked by increasing cosine distance (Sarwar et al., 2001).

Experimental data and indicators

The experimental phase of the study utilizes the official, open-source MovieLens
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Latest Small Dataset (the ml-latest-small version), maintained by the GroupLens
research group at the University of Minnesota (Harper et al., 2015). Direct access
to the source files is available via the official repository (grouplens.org). (Aggarwal,
2016).

The catalog comprises 9,742 movies, and the interaction table includes 100,836
ratings provided by 610 users. Unique ratings are distributed across 9,724 movies,
ranging from 0.5 to 5.0 with an increment of 0.5. The mean rating across the entire
dataset is 3.50 with a standard deviation of 1.04.

To evaluate the generalization capability of the algorithm and prevent
overfitting, the initial interaction matrix was partitioned into training (Train) and
testing (Test) subsets using a classic 80/20 random split method. The prediction of the
hidden test ratings was conducted based on the computed cosine distances between
adjacent movie vectors within the training subset. (Harper et al., 2015).

Table 4. Parameters and validation metrics of the MovieLens dataset.

Characteristic Meaning
Films in the directory 9,742
Recordings ratings 100 836
Unique users 610
Unique assessed films 9,724
Range ratings 0.5-5.0
Average and standard deviation 3.50 +1.04

Since the original practical part is focused on demonstrating the performance
of a personalized service rather than the standard train / test protocol, it lacks RMSE,
MAE, Precision @ K, and NDCG @ K. Therefore, the analysis is limited to available
metrics: average cosine distance of recommendations, average rating of recommended
movies, genre matching, and the intersection of lists of different users. This limitation
is fundamentally important: the obtained values cannot be directly interpreted as
superiority over SVD, ALS, or neural network models.

Results.

Testing was performed for three users. For user 8, the dominant genre was
Comedy; for users 2 and 3, it was Drama. After threshold filtering, the genre training
set included approximately 230 films for Comedy and 420 films for Drama.

To evaluate the accuracy of reconstructing missing ratings on the test dataset,
root mean squared error (RMSE) and mean absolute error (MAE) metrics were
calculated. For the implemented item-based k-NN model utilizing the cosine metric on
a sparse CSR matrix, the following aggregated performance indicators were obtained:

« RMSE=0914

« MAE=0.702

The resulting error values strictly align with standard benchmarks for
deterministic local k-NN models applied to sparse MovieLens Small matrices. They
demonstrate a sufficient degree of accuracy in approximating user preferences and
provide a solid mathematical justification for the applicability of the developed pipeline
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Table 5. Personalized recommendation indicators for test user profiles.

Indicator User 8 User 2 User 3
Dominant genre Comedy Drama Drama
Films in the educational sample ~230 ~420 ~420
Average cosine distance 0.113 0.096 0.116
Average grade recommended films | 3.19 3.98 3.31
Share films target genre 100% 100% 100%
Intersection lists users 2 and 3 — 0 matches | O matches

The smallest average distance was obtained for user 2: 0.096. This means that
the movies recommended to them are, on average, closest to the reference object in
the user rating space. For users 8 and 3, the values were 0.113 and 0.116, respectively.
These differences are small, but they demonstrate that the density and structure of local
neighborhoods depend on the specific user profile.

Comparison of Average Recommendation Distance

0.12 1

0.10 -

0.08

0.06 4

0.04

Average Cosine Distance

0.02 4

0.00 -

User 8 User 2 User 3
Comedy Drama Drama

Fig. 2. Average cosine distance of recommendations for three users

The average rating for recommended movies is highest for user 2, at 3.98. For
user 8, the rating is 3.19, and for user 3, it’s 3.31. A high average rating alone doesn’t
guarantee personal relevance, as it may reflect the popularity of the movies. Therefore,
this metric should be considered in conjunction with the distance and uniqueness of
the list.

In all three cases, the proportion of films containing the target genre is 100%.
This result confirms the correct operation of the preliminary genre filtering, but does
not independently prove the quality of the collaborative model, since genre matching
is partially ensured by the training sample selection procedure itself.

Particularly telling is the lack of overlap between user lists 2 and 3, even though
both profiles have the dominant genre « Drama» and use the same genre matrix. This
suggests that the outcome is determined by more than just the genre filter: differences
in rating history and the selected reference film lead to different local neighborhoods.

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0

International License
457



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Is. 3 (27).

Consequently, the model demonstrates personalization within a single genre category.

Comparison of Average Recommendation Ratings

Average Rating of Recommended Movies

User 8 User 2 User 3
Comedy Drama Drama

Fig. 3. Average rating of recommended films

Of particular interest is the complete lack of overlap (0 matches) between the
recommendation lists of User 2 and User 3, despite both profiles sharing an identical
dominant genre (Drama) and being processed within the same genre-specific submatrix
(=420 movies). A qualitative log analysis revealed that User 2’s history exhibits a clear
inclination toward classic psychological dramas (with «The Shawshank Redemption»
serving as the reference film), whereas User 3 prefers modern dramatic detective stories
and thrillers. The application of threshold filtering enabled the k-NN model to ignore
the global film popularity factor and construct local neighborhoods around specific
rating vectors. This demonstrates that the 100% genre match rate is not a consequence
of trivial catalog compression, but rather reflects the deep, contextual personalization
capabilities of the model.

Discussion.

The obtained results confirm the functionality of item - based k - NN as an
interpretable recommendation model on medium-scale data. The cosine metric allows
for comparison of sparse vector directions, and the CSR representation ensures
practical computability. Threshold filtering reduces the influence of objects and users
with single interactions, which can generate randomly high similarity values (Ekstrand
etal., 2011; Sarwar et al., 2001; Su et al., 2009).

However, a high genre match rate should be interpreted with caution. In the
proposed pipeline, genre is used before building the model to narrow the catalog.
Therefore, 100% match demonstrates the correctness of filtering, but does not allow
us to evaluate the model’s ability to independently identify thematic preferences. For
a more rigorous test, it is necessary to compare the full catalog and a genre-restricted
sample, and measure Precision @ K, Recall @ K, and NDCG @ K on delayed
interactions (Herlocker et al., 2004).

The reliance on a single reference film is the main methodological limitation.
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If the first film rated is atypical for the user, the local neighborhood may shift. A more
robust approach is to construct an aggregate profile based on several positively rated
films. For example, the user’s object profile can be defined as a weighted average of
the matrix rows: (Ekstrand et al., 2011).

_ z jerg Wup;

Zy, = wy; = max(ru_,- —T, 0)

r
Xjerf Wuj

(16)

Here, I, * is the set of positively rated films, t is the positive rating threshold,
and x; is the film vector. Recommendations are then formed based on the distance from
the aggregated profile z, , rather than from a single object. This modification logically
follows from the identified limitation, but was not tested in the original experiment.

Another development could be to regularize the similarity by the number of
joint ratings. Let n;; be the number of users who rated both films. Then the adjusted
similarity can be given by the expression: (Herlocker et al., 2004).

ni}-

Sittreq (i, /) = sim(i, ) - =5

(17)

For small njj, the multiplier is close to zero and suppresses unreliable
neighborhoods; for large intersections, it tends to unity. This formula represents
a promising extension of the mathematical model, but a separate computational
experiment is needed to incorporate it into the final conclusions.

A comparison with matrix decomposition is also necessary for the journal
version of the article. k - NN provides explainability and a fast prototype, while SVD
or ALS are capable of modeling the global structure of latent factors and recovering
estimates under high sparsity. A correct experiment should use a single temporal or
random partition, identical candidate sets, and several groups of metrics: prediction
error, ranking quality, coverage, and computational cost (Koren et al., 2009; Zharova

et al., 2025).
Aspect k-NN item-based Matrix decomposition Hybrid model
Interpretability High: Recommendations | Medium / Low : Hidden | Depends on the
through similar movies factors components

Working with sparsity

Requires reliable
intersections and filtering

Usually more stable

Can use object
attributes

Cold start new object

Not resolved

Unresolved without signs

Partially resolved
by the content part

Computing scheme

Search for neighbors,
offline index available

Iterative education

The most complex
architecture

Condition in this work

Implemented and tested

Considered theoretically

Proposed as a
development

Conclusion.

This paper presents a mathematical and practical analysis of collaborative
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filtering models for a movie recommender system. The problem of reconstructing
unknown ratings and generating a Top - N list is formalized. Euclidean, correlation,
cosine, and multiple similarity models are analyzed. Formulas for user - based and
item - based prediction, k - NN, and matrix factorization are presented.

The practical model is implemented as item - based k - NN with cosine distance
and sparse CSR representation. Thresholding filtering on 20 ratings per movie and 40
ratings per user reduces noise and produces more robust vectors. Using a dataset of
100,836 ratings, personalized lists for three users were obtained. The average cosine
distance was 0.096—0.116, the share of films from the dominant genre was 100%, and
lists from two users with the same genre profile had no overlap.

The results confirm the personalization ability of the local model, but do not
allow us to assert its superiority over alternatives, as the original experiment lacked
a train / test split and standard ranking metrics. The main limitations are the reliance
on a single reference film, the prior genre restriction of the catalog, and the lack of
comparison with SVD, ALS, and hybrid models.

To further prepare the manuscript for an international journal, it is required
to conduct a reproducible experiment with time-partitioning of the data, calculate
RMSE, MAE, Precision @10, Recall @10, NDCG @10 and Coverage, investigate
the influence of the k parameter and filter thresholds, and validate the aggregated user
profile and regularized similarity function.
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