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A STUDY OF THE IMPACT OF THE WEIGHTED RECIPROCAL RANK
FUSION METHOD ON THE QUALITY OF RECOMMENDER SYSTEMS

Abstract. Providing high-quality recommendations is an important factor in
increasing the level of audience engagement, since under conditions of rapid growth
in the volume of available information, a significant part of which is presented in the
form of implicit feedback, recommender systems ensure the effective selection and
ranking of items according to individual user preferences. CF is one of the most
widespread strategies for constructing such systems and generates recommendations
based on the analysis of user interactions with similar behaviour patterns, which
makes it possible to identify not only obvious but also unexpected potentially relevant
items. During the generation of recommendations by different CF algorithms,
recommendation lists for each user are produced that differ in the composition and
order of items, which is caused by differences in the principles of determining the
relevance of items. Since CF algorithms produce distinct recommendation lists for
each user, it is appropriate to apply the WRRF method, which ensures the aggregation
of rankings generated by algorithms in order to construct a single ranked
recommendation list of higher quality. The purpose of this work is to study the
influence of the WRRF method on the quality of generation and ranking of
recommendation lists obtained as a result of the pairwise combination of CF
algorithms through rank aggregation of items. According to the results of the
experimental study, it has been established that the use of the WRRF method in the
vast majority of cases ensures an improvement in recommendation quality compared
with the best algorithm in the corresponding pair. The experimental evaluation was
carried out using six CF algorithms on three datasets transformed into the implicit
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feedback format. The obtained results can be used in the development and
improvement of industrial recommender systems in order to increase the quality of
recommendation ranking without significant complication of their software
architecture.

Keywords: weighted reciprocal rank fusion, recommender system,
collaborative filtering, implicit feedback.
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AOCTIIKEHHS BININBY METOAY 3BA’KEHOI'O B3AEMHOI'O
3JINTTA PAHI'IB HA AKICTb PEKOMEHJAIIMHUX CUCTEM

AHoTtanisi. HaianHs BUCOKOSIKICHUX PEKOMEHJIAIl € BAXJIMBUM YMHHUKOM
M1JBUIIEHHS PIBHS 3AJIy4€HOCTI Ay TUTOPIi, OCKIJIBKA B YMOBAX CTPIMKOTO 3pDOCTaHHS
o0csry mocTyrnHoi iHdopMmallii, 3Ha4Ha YacTHHA $KOi MPEJCTaBJICHA Yy BUIJISIIL
HESIBHOTO 3BOPOTHOTO 3B’SI3KY, PEKOMEHJAIIHI CUCTEMHU 3a0e3Meuyr0oTh €()EeKTHB-
HUW BIIO1p 1 BOOPSAJIKYBaHHS 00’ €KTIB BIAMOBIIHO A0 1HAWBIIYyaIbHUX yIOA00aHb
kopuctyBauiB. CF € oHi€l0 3 HaOUIbII MOLIMPEHUX CTpaTerii moOyJOBU TAKUX
cucTteM 1 (opMye pPEeKOMEHJAIlili Ha OCHOBI aHaji3y B3a€MOJII KOPUCTYBauiB 13
NOAIOHUMHU MOJICJISIMU TOBEAIHKH, 1110 J1a€ 3MOTY BUSIBIISITA HE JIUIIE OYEBU/JIHI, ajie
1 HEouiKyBaHl MOTEHLINHO pesieBaHTHI 00’ekTu. Il yac hopmyBaHHS peKOMEH-
nariii pisauMu anroputMamu CF 171 KO)KHOTO KOpUCTyBada (POPMYIOTHCSI CIIUCKH
PEKOMEHIAII, 10 BIAPI3ZHIIOTHCS 32 CKIAAO0M 1 MOPSAKOM 00’ €KTIB, 110 3yMOBJICHO
BIJIMIHHOCTSIMH Y TIPUHIIUIIAX BH3HAYEHHS PEIEBAHTHOCTI 00’ €KTiB. OCKUTBKH Pi3HI
anroputvu CF HopMyrOTh BiIMIHHI CIIMCKH PEKOMEHMAAIIN IJisi KOXKHOTO KOPHC-
TyBaya, JOLUILHUM € 3acTocyBaHHsa meTony WRRF, skuii 3a0e3neuye arperyBaHss
yHOPSAKYBaHb, C(HOPMOBAHUX OKPEMHMHU aJITrOPUTMaMH, 3 METOI0 MOOYIOBU
€IMHOTO BIIOPSIKOBAHOTO CIHUCKY PEKOMEHAIlN MiABUIIEHOT SKOCTi. MeToro i€l
pobotu € gocnimxeHHs BBy Merony WRRF Ha sikicTe popMyBaHHS Ta BOOPSAI-
KyBaHHSI CIIMCKIB PEKOMEHJIalllif, OTpUMAHUX y PE3yJIbTaTl MOMApHOro KOMOIHY-
BaHHs anropuTmiB CF nuisixom arperyBaHHsl paHTiB O0’€KTiB. 3a pe3ysibTaTamu
eKCIIEPUMEHTAIBHOTO JOCTI/DKEHHSI BCTAaHOBIEHO, IO BUKOPHUCTAHHS METOIY
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WRRF y mepeBaxkHiii OiIbIIOCTI BHUIAJKIB 3a0e3ledye IIIBHINCHHS SKOCTI
pEeKOMEHAIlii TMOPIBHAHO 3 HaWKpalyM aaroOpuTMOM VY BIAMOBIAHIN mapi.
ExcniepuMeHTansHy mepeBipKy MPOBEACHO 3 BUKOPUCTAHHSM IecTy anroputmiB CF
Ha TPhOX HAOOpax MaHWX, MEPETBOPECHHUX Y (HOpMaT HESIBHOTO 3BOPOTHOTO 3B’SI3KY.
OtpumaHi pe3yibTaTd MOXKYTh OYTH BHUKOPHUCTAaHI MiJ 4Yac po3poOJieHHS Ta
BJIOCKOHAJICHHSI TIPOMUCIIOBUX PEKOMEHIAIIHHIX CHCTEM JUIsl TiABHUIICHHS SIKOCTI
BIIOPSAJIKYBaHHSI pEKOMEHMalii ©0e3 CyTT€BOTO YCKIQJHEHHS IX MpOTrpamMHOi
apXITEKTYpH.

Kiro4oBi cjioBa: 3BaykeHe B3a€MHE 3IIUTTS PaHTiB, PEKOMEHaIliifHa cCUCTeMa,
KojabopaTuBHa (QUIBTpallisi, HESIBHUI 3BOPOTHUMN 3B’ SI30K.

Problem Statement. The rapid growth in the volume of digital content and
services makes it difficult for users to independently search for and select relevant
items. Under such conditions, recommender systems (RS) become a key instrument
for the personalised selection and ranking of items, ensuring the presentation of the
most appropriate options according to individual user preferences and previous user
interactions [1].

A characteristic feature of many practical applications of recommender
systems is the use of implicit feedback, which is formed through user actions (views,
clicks, additions to lists, purchases, etc.) [2]. Such data have a significant volume and
are almost always available; however, at the same time they are ambiguous, since the
fact of interaction does not guarantee an unambiguous positive evaluation, and the
absence of interaction does not mean the absence of interest.

One of the widespread approaches to constructing recommender systems based
on implicit feedback is collaborative filtering (CF), which uses patterns of joint user
behaviour and the similarity of their interactions with items. A variety of algorithms
are used to implement CF, which differ in their construction principles, the way of
calculating scores, and the generation of ranked recommendation lists [3].

Due to differences in the principles of evaluating the relevance of items,
different CF algorithms usually produce different recommendation lists for the same
user — both in terms of the composition and the order of items. As a result, the problem
of choice arises: which particular algorithm should be considered the most
appropriate in a specific case, given that their effectiveness may depend on the
characteristics of the data, the level of sparsity, and the nature of user interactions [4].

This uncertainty requires the consistent aggregation of the results of several
algorithms in order to obtain a single ranked recommendation list that potentially
combines the advantages of different algorithms. One of the practically applicable
approaches to solving this problem is the late fusion strategy [5, 6], applied to
combine results through rank aggregation, where the final ranking is formed on the
basis of the positions of items in the lists obtained by independent algorithms [6].
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At the same time, the application of rank aggregation requires a well-founded
selection of the fusion method and its parameters, as well as experimental evaluation
of the influence of such combination on recommendation quality. Therefore, the
problem is to determine whether weighted reciprocal rank fusion (WRRF) [7] is
capable of providing a consistent improvement in the quality of generation and
ranking of recommendation lists in CF tasks with implicit feedback compared with
the use of individual algorithms.

Analysis of Recent Research and Publications. Modern scientific discourse,
reflected in fundamental review papers, focuses on improving the quality of final
lists produced by different ranking systems, in particular in RS, which today are one
of the key instruments for the personalisation of digital content [2]. Their use
contributes to the growth of audience satisfaction due to relevant recommendations
[1, 8]. Over the past several years, numerous algorithms have been proposed, in
particular based on CF, which is one of the most widespread strategies for
constructing such systems [3], intended for the generation of recommendations in
the form of ranked recommendation lists.

However, despite many years of research, a universal algorithm that would
generate high-quality recommendations has not yet been identified [4]. Moreover,
when comparing generated recommendations in the context of a specific user, these
algorithms do not produce identical recommendations. For this reason, paper [4]
proposes the use of aggregation methods, the purpose of which is to combine
rankings generated by separate recommendation algorithms in order to create a new,
‘better’ ranking. At the same time, as noted in studies [4, 9], a key challenge for
such solutions is that individual algorithms produce results on different scoring
scales and with different ranking principles, which complicates the direct
combination of their results and requires specialised methods.

To solve this problem, modern research proposes the use of rank aggregation
methods [10]. Such methods eliminate differences between scoring scales and
ranking principles, since they operate not with absolute relevance values but with
the positions of items in ranked lists.

Systematic reviews [4, 10] demonstrate that the use of rank aggregation
methods makes it possible to combine the results of several systems into a single
consistent ranking, which can improve quality compared with individual lists.
However, their effectiveness depends on the specific data and systems for which
aggregation is performed [10]. Studies in which experiments were conducted with
recommendation algorithms on corresponding datasets indicate that rank
aggregation methods can be effectively applied in RS, although their performance
also varies [4].

The relevance of these methods is confirmed by modern studies, where rank
aggregation methods are applied to combine results obtained from different
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information sources. For example, in multimodal video retrieval systems [5], the
obtained results show [7] that combining information from text, audio, and images
using weighted rank aggregation with the WRRF method makes it possible to
produce more accurate and consistent final lists.

This confirms that rank aggregation is an effective instrument in tasks where
data come from heterogeneous sources and require the unification of scores in order
to improve the quality of results.

At present, in the scientific literature [10], studies of rank aggregation
methods are mainly focused on different tasks without specific application in RS.
Those studies [4] that consider these methods in the context of RS mostly analyse
them without specification within CF and within the broader set of rank aggregation
methods, without providing a detailed investigation of the method proposed in this

paper.

Filling this gap through the application of the WRRF method for the pairwise
aggregation of the results of CF algorithms that differ in their construction
principles, followed by an analysis of the values of quality metrics for the generation
and ranking of recommendation lists, constitutes a relevant research task and
requires resolution.

The purpose of this article is to study the influence of the WRRF method on
the quality of generation and ranking of recommendation lists obtained through the
pairwise combination of different CF algorithms by means of rank aggregation of
items.

To achieve this purpose, it is necessary to solve the following tasks.

1. Formalise the WRRF method in the context of rank aggregation of items
from a set of recommendation lists that differ in the composition and order of items.

2. Determine a sufficient number of recommendation candidates in recom-
mendation lists for the correct application of the WRRF method based on the late
fusion strategy of results through rank aggregation under conditions of limited length
of base recommendation lists of CF algorithms.

3. Determine the optimal values of weight coefficients of CF algorithms and
the constant k in the WRRF method that ensure the maximum quality of generation
and ranking of the aggregated recommendation list.

4. Conduct experiments and analyse the influence of the application of the
WRRF method on recommendation quality by evaluating the relative improvement
of the values of quality metrics compared with the best base algorithms in the
corresponding (selected) pairs.

The object of the study is the process of generation and ranking of
recommendations in CF RS based on implicit feedback.

The subject of the study is the WRRF method in tasks of rank aggregation of
CF recommendation algorithms for implicit feedback.
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Presentation of the main material. In RS, the objects of ranking are
recommendation items obtained from N different algorithms, and aggregation is
performed separately for each user.
The mathematical formulation of the problem is as follows.
Let U be the set of users, I the set of recommendation items, L;(u) the ranked
recommendation list produced by the j-th algorithm for user u € U, where L;(u) <
1. Each list L;(u) defines the ranking of items in decreasing order of their predicted
relevance according to the j-th algorithm.
For each item i € I, the rank 7;(u, i) is defined, which corresponds to the
position of item i in the recommendation list L;(u) if i € L;(u). To account for the
possibility that an item may be absent from the recommendation list, an indicator
function of item presence is introduced (1); this modification distinguishes the WRRF
method proposed in this article from the method presented in [7]:

. 1,l € L] (U,),
(2) 1(i€L;w) = {O,i ¢ L;(u). (1)
The classical Reciprocal Rank Fusion (RRF) method [7] assumes an equal
contribution of each list to the final result, which does not take into account possible
differences in the recommendation quality of the algorithms. To generalize the
method, weight coefficients w; € R are introduced, which determine the degree of
influence of each recommendation list on the final result, and the weight coefficients
satisfy the normalization condition:

N
3) Z w; = 1w, > 0. @)
=1

Taking into account the introduced notation, the WRRF method defines the
aggregated relevance score of item i € I foruser u € U (Figure 1) by the formula (3):

(4) WRRF(u,i) = z k++’(ul) 1(i € Lyw). 3)
j=1 IR

This formula is a generalization of the classical RRF method for RS tasks.
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Fig. 1. Graphical representation of rank aggregation
of rankings using the WRRF method

The final ranking of items for user u € U is determined on the basis of the
aggregated relevance score WRRF (u, i). Let r*(u, i) be the rank of item i € I in the
final aggregated recommendation list for user u, where r*(u, i) € N and a smaller
value corresponds to a higher position in the list. Then the final ranking is determined
by ordering items in descending order of the function WRRF(u, i) according to
formula (4):

(5) r*(u,i) = rank;, WRRF (u, i),
where rank* is the sorting operator in descending order of the argument value.
Accordingly, the final recommendation list for user u is formed as an ordered

set of items I, ranked according to the values r* (u, i).

Since this work considers pairwise aggregation of the results of
recommendation algorithms, the general formula (3) for the case of two ranked
recommendation lists can be applied with the following notation.

Let L, (u) and L,(u) be recommendation lists produced by the first and the
second algorithms for user u € U, respectively, and w; € R, 0 < w; < 1 be the
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weight coefficient of the first algorithm, which determines the degree of its influence
on the final result,

To ensure the weight normalisation condition, the complementary weight
coefficient of the second algorithm w, € R is introduced according to formula (5):
(6) wy, = 1—wy, ()
where w, is the residual contribution of the second algorithm to the final
aggregated score.

Taking into account the introduced notation, the aggregated relevance score of
item i € I for user u € U in the case of pairwise aggregation of two recommendation
lists is calculated according to formula (6):

WRRF, ,(u,1)

]I(l €L, (u))

T rz( ]I(l € Ly(w)).

The final ranking of items for user u € U |n the case of pairwise aggregation is
determined analogously to formula (4), however instead of WRRF (u, i) the value
WRRF; ,(u, i) defined by formula (6) is used.

According to the late fusion strategy of results through rank aggregation, the
WRRF method forms the final list based on the positions of items in the input
recommendation lists L;(u).

However, when base lists of length K are generated, the recommendation lists
produced by different CF algorithms may differ significantly in composition, which
leads to insufficient overlap between lists and consequently limits the number of
items for which rank aggregation is informative. This complicates the correct
application of the WRRF method when the final list is evaluated only at the top-K
positions, while the input lists have the same length.

To eliminate this problem, in this work an extended set of recommendation
candidates is used by increasing the length of the input lists compared with the length
of the evaluated final list.

Let K,,; be the number of items in the extended set of recommendation
candidates for further aggregation, K be the number of items in the final list used
for quality evaluation, B be the number of additional recommendations. Then the
relationship between these quantities can be defined as:

(8) K..=K+B. (7)

Increasing K.,,; ensures the inclusion of a larger number of potentially relevant
items in the candidate set and increases the probability of their presence in different
lists L;(u), which creates the necessary conditions for correct rank aggregation using
the WRRF method under conditions of limited length of base recommendation lists.

(7) Tkt n( (6)
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The quality of the final ranking produced by the WRRF method is determined
not only by the ranks of items in the input lists but also by the values of the method
parameters. In particular, the weight coefficients w; and w, in formula (6) of
pairwise aggregation determine the relative contribution of each of the two algorithms
to the final aggregated score, while the constant k reduces the influence of the
absolute value of the rank on the final result. Therefore, in order to obtain the
maximum quality of the aggregated recommendation list, it is necessary to select such
values of w; and k that are optimal for each specific pair of CF algorithms and for a
particular dataset.

In this work, the optimal values of the weight coefficient of the first algorithm,
w;, and the constant k were determined separately for each pair of algorithms using
exhaustive search on a regular parameter grid (Grid search) [11]. Let w; and k* be
the optimal values of the corresponding parameters. Then the parameter tuning task
is formalised as the problem of maximising the value of the Normalized Discounted
Cumulative Gain (nDCG) [12] for the final top-K list according to formula (8):

(9) (wy, k™) = argmaxnDCGC@K (wy, k).
wq,k

The search was performed over discrete sets of parameter valu-
essw; € {0,1; 0,2; ...; 0,9} and k € {10, 20, ..., 100}. For each pair of algorithms,
the configuration (wy, k*) that provided the maximum value of nDCG@K was
selected, after which the corresponding parameters were used to construct the final
aggregated recommendation list.

Experiments and analysis of results.

Pairwise rank aggregation was performed for the following recommendation
algorithms: Alternating Least Squares (ALS) [13] in the configuration for implicit
feedback, Bayesian Personalized Ranking (BPR) [13], Bidirectional Variational
Autoencoder (BiVAE) [13], Light Graph Convolutional Network (LightGCN) [13],
Neural Collaborative Filtering (NCF), and Smart Adaptive Recommendations (SAR)
[13]. Such a selection is due to the need to consider algorithms that differ in their
construction principles [14], which are used in real RS. The implementation of the
algorithms was carried out using the open-source Microsoft Recommenders library
for the Python programming language [13].

Testing was conducted on the MovieLens 100K dataset [15], as well as on two
subsets of datasets from the Amazon Reviews’23 collection, namely Video Games
and Movies and TV [16]. In all datasets, each record is represented as an ordered
quadruple consisting of a user identifier, an item identifier, a rating value, and an
interaction timestamp. The data subsets were constructed through data unification
(mapping field names to a unified attribute schema), filtering of invalid records
(removal of entries with missing attribute values) and duplicate records (repeated
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entries with identical combinations of user identifier, item identifier, and timestamp),
as well as the application of k-core filtering [17] with @ minimum number of user and
item interactions, which ensured the extraction of stable subsets of interactions,
namely Video Games 15-core and Movies and TV 25-core. All datasets were
transformed into the implicit feedback format through rating binarisation using a
threshold value [18]. In particular, rating values were transformed according to the
following rule:

- 1, Tui = 4-,
(10) Ra={o 2 9)
where r,,; is the original rating provided by user u for item i; #,; is the
binarized value of implicit interaction used in the experiments.
The threshold value was selected given that, in the chosen datasets, ratings are
given on a five-point scale in the range from 1 to 5, which forms an ordered set of
integer values {1, 2, 3,4, 5}, where the value 3 is its median and is interpreted as a
neutral evaluation, while the value 4 was selected as the threshold for separating a
positive signal from a neutral or negative one.
After that, a stratified split of the data by users was performed in a 75:25 ratio
into training and test sets, ensuring that each user retained interactions in both parts.
This made it possible to avoid the absence of users in the training set and ensured the
possibility of generating personalised recommendations for all users. The training set
was used to train the models, while the test set was used to evaluate recommendation
quality on interactions that were not used during model training.
As a result, for the studied algorithms on these three datasets, the values of
quality metrics for the generation and ranking of recommendation lists were
calculated on the test set (Figure 2): mean average precision (MAP) [12], nDCG,
precision [12], and recall [12], computed for the first 10 positions of the
recommendation list (K = 10).

= nDCG@10 = MAP@I10 = Precision@10 = Recal @10 a nDCG@10 m MAP@E10 » Precision@i0 = Recall@10 @ nDCG@I0 = MAP@10 = Precisiond@i0 = Recall@10
400000 MovieLens HM 125000 Video Games- 1 5-core 0,100000 Movies and TV 25-core
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Fig. 2. Values of quality metrics for the selected algorithms

Next, an exhaustive enumeration of fifteen pairwise combinations of
algorithms was performed on the three datasets. For each combination, the values of
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quality metrics were measured on the test set (Figure 3), also computed for the first
ten positions of the recommendation list. To ensure a sufficient number of
recommendation candidates, the number of additional recommendations was set to
two hundred (B = 200).

® nDCGE10 = MAPE10 = Precision@10 = Recall@10 ® nDCGE10 = MAP@10 = Precision@10 = Recal @10 m nDCGEI0 m MAP@I0 » Precision@10 = Recall@io
0.400000 Moviebeny FOOK 0,150000 Video Gamed 15-core 0100000 Movies and TV 25-core

0300000 Q075000

0.100000
0,050000
‘ 0025000
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$§@1§gﬁ&g§ :‘ffywidf %% gfﬁ{;f AL ELTS K @ﬁgﬁeﬁ%@ ﬁ‘ \\\\\\

Combination of algonithms Combination of algorithms Combination of algorithms

Fig. 3. Values of quality metrics for algorithm combinations
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To evaluate the effectiveness of the proposed method, the relative deviation of
the values of quality metrics of individual algorithms from the value of the best
algorithm in each pair was used, which characterises the improvement (or
deterioration) of the results, according to formula (10):

MWRRF
(10) AMy, = ( - 1) -100%, (10)

max (MW, M@)

where MWRRF js the value of the corresponding quality metric for the
aggregated recommendation list produced by the WRRF method; M™ and M® are
the values of this metric for the first and the second algorithms compared in the pair,
respectively.

The results of the performed calculations of the relative deviations of quality
metrics are presented in Figure 4.

m nDCGGEHI0 m M-AP@II:I Pr\atson@m u Recall@i0 mnDCG@I0 = MAP@ID Prec saon@m - Recall.m ] nDCG@‘IO L] MﬂP@‘ll} P c«:lsmn@ﬂl = Recall@i0
lovieLens 100 Video Games 15-core Movies and TV 25-core

5 10

20
2w # *
i : :
e - [lhk 111 (TP g IHH\
g H | l|l_I.|.I_IL|__|L|.._|:,_......,_____._ g 0- |l| | 2 0 I |l |] ” ||| ||| | R e
% £ T ;ﬁ Ty
14 z & ?

T LA BN é* o %yéa;ﬁ‘w‘” “ ggf S LEILILSTES PR gngw eé.
FEE SIS RS O R R &%; &‘a
F& & TPE s & &
Combination of algorithms Combination of algonthms Combination of algorithms

Fig. 4. Relative deviation of quality metric values
for combinations of algorithm pairs


https://portal.issn.org/resource/ISSN/2786-6025

@ T HAYKA
9 IIEXHIKA

ISSN 2786-6025 Online
For the MovielLens 100K dataset, the maximum increase in relative deviation
according to the nDCG metric is 15.74% for the pair ALS and NCF (MAP +24.21%,
Precision +15.12%, Recall +9.50%), while a positive relative deviation according to
the nDCG metric is observed for all 15 pairs of algorithms. For the Amazon
Reviews’23 Video Games 15-core dataset, a positive relative deviation in nDCG is
recorded for 11 out of 15 pairs, with the maximum value of 6.75% for BiVAE and
LightGCN (MAP +8.18%, Precision +5.79%, Recall +6.31%). For the Amazon
Reviews’23 Movies and TV 25-core dataset, improvement in the nDCG value is
observed in 13 out of 15 pairs, with the maximum value of 8.79% for ALS and NCF
(MAP +7.44%, Precision +9.96%, Recall +9.47%). In the last two datasets, isolated
negative relative deviations of nDCG, MAP, Precision, and Recall are observed, but
they are small.

Conclusions. This work investigates the application of the weighted reciprocal
rank fusion method WRRF for pairwise aggregation of the results of collaborative
filtering algorithms in RS with implicit feedback. The experimental results showed
that the use of WRRF in the vast majority of cases (70%-100%) improved the quality
of recommendation generation and ranking compared with the best collaborative
filtering algorithms in the studied pairs. This confirms the usefulness of the proposed
method as an effective means of improving final recommendation lists.

The practical significance of the obtained results is that the WRRF method can
be used to combine the results of different CF algorithms within industrial RS without
significantly complicating their architecture. Such an approach creates the possibility
of improving recommendation quality by combining the advantages of individual
algorithms, in particular their ability to identify different types of patterns in data,
provide different balances between precision and recall of recommendations, and
rank relevant items differently.

The prospects for further research lie in extending the proposed approach to
the aggregation of the results of more than two CF algorithms, studying the
effectiveness of multi-level fusion, in which not only the primary recommendation
lists of base algorithms but also previously aggregated lists may be aggregated, as
well as in the comparative analysis of WRRF with other rank aggregation methods
[10] in RS using CF.
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